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Autonomous Docking of a Small Electric Ferry
Boat maneuvering using model predictive control in parallel with a high-frequency
linear quadratic regulator for disturbance rejection
Rasmus Bäckström
Marcus Odenmarck
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Docking is one of the most challenging and error-prone tasks in marine transporta-
tion. This project presents a controller that autonomously docks a small, dual-motor
catamaran ferry using exclusively Global Navigation Satellite System (GNSS) and
Inertial Measurement Unit (IMU) data. The controller consists of four subsystems:
an extended Kalman filter for state estimation; a basic path planner; a Model Pre-
dictive Controller (MPC) assisted by a Linear Quadratic Regulator (LQR) for path
following; and a thrust allocator that converts desired forces into angle and thrust
commands for the motors. Running at 100 Hz, the LQR assists the 5 Hz MPC by
attenuating high-frequency disturbances and model errors.

Through system identification and physics modeling, a hydrodynamic maneuvering
model is developed to predict the motion of the ferry. The model accounts for
water damping, Coriolis and centripetal forces in a rotating body frame, rigid-body
acceleration forces, and added mass effects. All development, system identification
experiments, and performance evaluation tests are carried out in the Virtual RobotX
(VRX) simulator.

The system is evaluated under zero, medium (4 m/s wind, 0.5 m waves), high (7 m/s
wind, 1.5 m waves), and high-wind (11 m/s wind, no waves) disturbances, with two
runs each, to compare the combined MPC-LQR controller with a standalone MPC.
Both architectures successfully dock the ferry under zero and medium disturbances.
Under high disturbances, both succeed to dock in one of the runs, while both fail
in the other. Under high-wind, the MPC-LQR controller outperforms the stan-
dalone MPC by successfully docking in both runs while the standalone MPC only
succeeds in one. While both controllers reach the correct position across all distur-
bance levels, tracking heading remains the primary challenge; both respond slowly to
heading changes, though the MPC-LQR provides slightly better tracking. These re-
sults demonstrate the feasibility of autonomous docking for small catamaran ferries
using an MPC-LQR controller and exclusively onboard sensing under environmental
disturbances.

Keywords: Automated Docking, Unmanned Surface Vessel (USV), Hydrodynamical
Maneuvering Model, Model Predictive Control (MPC), Linear Quadratic Regulator
(LQR), LQR assisted MPC, Extended Kalman Filter.
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SSRS Swedish Sea Rescue Society
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Marine terminology

Surge Speed in positive x direction, forward
Sway Speed in positive y direction, to one side (depends on frame)
Heave Speed i positive z direction, up or down (depends on frame)
Roll Rotation around x

Pitch Rotation around y

Yaw Rotation around z, equivalent to heading
Bow The front of a boat
Stern The back of a boat

Variables and Parameters
Use this as a look up table rather than reading it in it’s entirety.

A Continuous-time linearized system matrix
A1 Linear inequality bounds matrix for single-step constraints
Ad Discrete-time system state matrix
Aineq Stacked inequality constraint matrix over the horizon
aENU Global acceleration vector transformed to the ENU frame
aF LU Acceleration vector expressed in the body frame
φi / φ1, φ2 Azimuth steering angles for individual thrusters
φ Actuator matrix array packing thruster steering angles
φcmd Absolute target angle output vector command sent to motors
∆φmax Maximum allowable angular steering change per sample step
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B Continuous-time linearized input mapping matrix
Bd Discrete-time system input mapping matrix
B Beam width of the vessel’s hull
b1 Upper bound threshold column vector for single-step constraints
bineq Stacked upper bound threshold vector over the horizon
C Continuous-time linearization constant offset vector
Cd Discrete-time system constant offset vector
CA(vr) Hydrodynamic added mass Coriolis and centripetal matrix
CRB(v) Rigid-body Coriolis and centripetal matrix
C(v) Total system Coriolis and centripetal matrix
D∆ Difference operator block matrix for control inputs
D(vr) Hydrodynamic damping matrix
ddraft Draft depth of the marine vessel
dm Lateral distance spacing layout separating the two thrusters
∆t / dt Time step size or sampling interval width
∆U Vector bundling control input rate-of-change
e Global tracking error vector over the prediction horizon
e0 Initial tracking error vector over the horizon
E East position coordinate in the global ENU frame
ε Small regularization parameter guarding against division-by-zero
η Full global state vector tracking pose and body velocities
ηop Operating point state vector used for linearization
ηpose Reduced vehicle kinematic state tracking pose matrix vector
η̂(1:N) Predicted future state trajectory vector over horizon N
f Condensed quadratic programming linear objective vector
f(·) Nonlinear process model function vector
f(x, y) Mathematical function outputting target thrust command
fN(v) Nonlinear damping torque function around the z-axis
fX(v) Nonlinear damping force function along the x-axis
fY (v) Nonlinear damping force function along the y-axis
F State transition Jacobian matrix
F Actuator matrix array packing individual thruster forces
Fmax Physical maximum force bounds constraint vector for thrusters
Fcmd Absolute target force output vector command sent to motors
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Fprev Actuator thruster force magnitudes from the previous cycle
Fi / F1, F2 Thrust forces generated individually by outboard motors
Fi,cmd Individual target allocated command force variable for motor i
Fdamping Calculated total damping force scalar value
G Input transition Jacobian matrix
G Condensed MPC offset transition matrix
g Acceleration due to gravity
gd Discrete constant offset or disturbance vector
Γ Condensed MPC input mapping matrix
H Measurement Jacobian matrix
H Condensed quadratic programming Hessian matrix
h(·) Nonlinear measurement function
I Identity matrix
Iz Moment of inertia about the z-axis
J Non-linear scalar cost function for thrust allocation
Jlin Objective cost function inside linearized thrust allocation
Jtot Total integrated multi-objective MPC cost function
Jtrack Tracking cost function scalar value
J∆U MPC penalty cost term for control input rate-of-change
K Calculated Kalman gain matrix
K Kalman gain matrix
L Total length of the vessel’s hull
l Distance from vessel centerline to individual hull centerline
m Total physical mass of the vessel
mh Mass supported by an individual hull
M Total system mass and inertia matrix
MA Hydrodynamic added mass inertia matrix
MRB Rigid-body inertia matrix
N Prediction or control horizon window length
Nhorizon Horizon length step count parameter inside the MPC configuration
N North position coordinate in the global ENU frame
N Total net propulsion yaw torque
Nṙ Added mass rotational moment coefficient in yaw
Nr Linear hydrodynamic damping coefficient in yaw
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Nmax Maximum physical limit bound for propulsion torque in yaw
Ω Weight matrix penalizing rapid thruster steering angle changes
p Vector containing numerical coefficients for motor force polynomial
plin Coefficient of the linear damping polynomial fit
pquad

1 First-order coefficient of the quadratic damping polynomial fit
pquad

2 Second-order coefficient of the quadratic damping polynomial fit
p1, p2, p3, p4, p5 Tuned coefficients of the second-order thrust mapping polynomial
P̄ Positive weighting scalar penalizing power consumption
P Matrix weight penalizing force deltas within linearized allocation
Pk|k−1 Predicted state error covariance matrix
Pk−1|k−1 Updated state error covariance matrix from the previous step
Pk|k Updated state error covariance matrix
Pf Weighting matrix for the terminal tracking error
ϕ1 Azimuth steering angle for thruster 1 alternative notation variant
ϕ Roll angle of the vessel
Φ Condensed MPC state transition matrix
Poly(·) Non-linear empirical polynomial converting force into motor com-

mands
ψ Yaw heading angle representing global orientation
Q Process noise covariance matrix
Q Weighting matrix penalizing state deviations
Q̄ Block diagonal state penalty matrix
Q Weight penalty matrix minimizing thrust allocation slack errors
R Sensor/measurement noise covariance matrix
R Weighting matrix penalizing control input magnitude
R̄ Block diagonal control input penalty matrix
Ru Covariance matrix of input measurements
rref (0 : N) Target reference state trajectory sequence
r Yaw rate
r̂ Radius of the approximated submerged hull section
rhull Physical radius of the catamaran hull
ρ Mass density of the water
ϱ Scaling penalty weight factor tracking proximity to singularities
RE2F(ψ) Rotation matrix mapping ENU frame to FLU frame
RF2E(ψ) Rotation matrix mapping FLU frame to ENU frame
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pENU General vector expressed in the ENU frame
pFLU General vector expressed in the FLU frame
S Innovation covariance matrix
S Step-wise penalty weight matrix for control rate-of-change
S̄ Block diagonal weight penalty matrix for control rate-of-change
s Feasibility slack variable column vector
T (φ) Geometry-dependent thruster configuration mapping matrix
ThrustCMD Operational motor metric command output from empirical polyno-

mials
τ Generalized force and torque vector
τrigid body Generalized force vector from rigid-body dynamics
τhydrodynamics Generalized hydrodynamic face vector
τhydro statics Generalized hydrostatic force vector
τmotors Generalized force and torque vector from the motors
τwind Environmental force vector from wind
τwave Environmental force vector from waves
τprev Generalized force control vector from the previous step
τmax Maximum generalized control forces and moments boundary vector
τdes Combined final target desired generalized force vector
τmpc Generalized force vector computed by the MPC loop
τlqr Dynamic stabilization correction force vector computed by the LQR

loop
τcmd Generalized force vector allocated to and realized by actuators
τerror Generalized force tracking error vector
τop Operating point control force vector used for linearization
θ Pitch angle of the vessel
u(0 : N − 1) Sequence of optimized future control inputs
u(k) Control input vector applied at look-ahead step k
umin Vector setting lower bound constraints on control signals
umax Vector setting upper bound constraints on control signals
u Surge velocity
Ux Surge damping parameter variant used in results tables
U Vector bundling sequenced future control inputs
u0 Control rate-of-change offset vector
uF LU Raw input vector containing body-frame measurements
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u Final EKF input vector transformed to the world frame
uk EKF system input vector at step k
v Body-frame velocity vector
vr Relative velocity vector
vc Water current velocity vector
V Innovation vector
Vi,prop Estimated water fluid velocity passing through propeller disk i
V ∗

N(x) Minimum value of the cost function optimized over horizon N
VN(·) Multi-step objective cost function
W Directional weight tracking matrix used inside singularity check
x(0 : N) Predicted future state trajectory over the horizon
x(k + 1) Predicted system state vector at the next interval
xmin Vector setting lower bound constraints on system states
xmax Vector setting upper bound constraints on system states
x Longitudinal coordinate relative to the yaw center
xk|k−1 Predicted state estimate vector at time step k
xk−1|k−1 Updated state estimate vector from the previous step
xk|k Updated optimal state estimate vector
xk EKF state estimate vector at step k
xENU State estimator vector defined in the ENU frame
xcog Distance to the center of gravity
X Total net propulsion force along the x-axis
Xu̇ Added mass force coefficient in surge
Xu Linear hydrodynamic damping coefficient in surge
Xmax Maximum physical limit bound for propulsion force in surge
y Lateral coordinate relative to the yaw center
Y Total net propulsion force along the y-axis
Yv̇ Added mass force coefficient in sway
Yṙ Cross-coupling added mass force coefficient
Yv Linear hydrodynamic damping coefficient in sway
Yr Sway damping parameter variant used in results tables
Ymax Maximum physical limit bound for propulsion force in sway
zk Actual sensor measurement vector at step k
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1
Introduction

1.1 Background

Electric marine vessels can offer significant environmental benefits, compared to ves-
sels powered by internal combustion engines, by reducing emissions and air pollution.
CStrider proposes an innovative, sustainable option for traversing urban waterways
using electric ferries [2]. This solution provides an alternative transit method while
reducing traffic congestion along main routes. Because the CStrider vessel is a small
commercial ferry, minimizing onboard personnel is paramount for economic sustain-
ability. Concurrently, the rise of automation throughout society makes autonomous
maneuvering an excellent option to reduce operational expenses. However, these
autonomous solutions must maintain high quality without compromising safety or
drastically increasing energy consumption.

This project addresses the problem of autonomous docking. Human error accounts
for approximately 70 to 80% of maritime accidents [3]. Ferry docking is widely
perceived as a tedious and accident prone part of marine travel. Turbulent wind
and currents cause vessel drift, which complicates navigation, particularly at the
low speeds of docking procedures. Thus, the autonomous solution requires meticu-
lous trajectory planning to achieve the desired final pose while maximizing energy
efficiency. To save energy, propulsion must be minimized, which underscores the
importance of planning both an effective geometric path and a sequence of actuator
inputs to guide the ferry from its starting position to the dock.

1.2 Purpose
The purpose of this project is to develop a proof-of-concept controller capable of
autonomously docking a small, dual-motor ferry. The controller executes a stern-
first docking maneuver, guiding the vessel from a distance of 30–40 m to the berth.

1.3 Scope and Limitations
• As a proof of concept, many aspects of the controller are suboptimal and

require further development to be fully functional.

• Although designed with energy efficiency in mind, it is not prioritized due to
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1. Introduction

time constraints.

• Environmental forces from wind, waves and currents are only handled through
feedback, and not feed forward through disturbance models.

• Systems for detecting and avoiding obstacles or other vessels during docking
are not considered.

• Variations in vessel mass and inertia due to passenger count are ignored, and
passenger weight is assumed to be negligible.

• All tests and experiments are conducted in a digital simulation environment;
physical implementation is omitted due to time constraints. However, the
system is developed with future real-world implementation in mind.

1.4 The use of AI Tools
Throughout this project, development follows specific guidelines regarding the uti-
lization of AI tools. These boundaries are established based on personal experience
and Chalmers’ institutional regulations for AI usage in thesis defense [14]:

• It does not serve as direct informational sources in the report.

• It can serve as a development assistant for tasks where answers are easily
verified or where the risk of trusting an incorrect response is negligible.

• It can assist with basic software engineering tasks, such as generating plots,
writing simple scripts, and debugging.

• It can act as educational aid when learning new simulation frameworks, tool-
boxes, or software libraries.

• It is used to proof read and refine the writing in the report.

1.5 An Interview With a Deck Officer
To get an insight into what people from the marine industry think of unmanned and
autonomous vessels, Matilda Hallman, who also is a friend of Marcus Odenmarck,
was interviewed on the topic.

Hallman recently graduated as a class VII deck officer and was interviewed on her
opinion about unmanned and autonomous vessels reaching her field and the con-
sequences, good and bad, that she is ably to identify [15]. With her approval, her
answers were translated into english and slightly reformulated. She has read through
and approved the final versions of the answers.

How interested are you in working on board a ferry doing short routes on channels
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and rivers in an urban environment?

It’s not my dream job, no. However, I see that type of work as a perfect way into
the maritime industry. It’s a relatively straightforward job with normal working
hours where you, unlike many other jobs at sea, get to go home in the evening.
There are a lot of routines and passenger service, which is a great start for a recent
graduate. You are often no more than two crew members on board, which implies
a lot of responsibility. It might look like you’re just standing there staring at the
passengers, but once you get an insight into a workday, it suddenly becomes much
more interesting. Engine checks, docking, departure, safety, and in poor weather,
you’re on the bridge as a lookout.

What are your feelings towards the fact that automation is reaching your profession?

There are two perspectives there. Firstly, I don’t feel particularly threatened when it
comes to losing my job. Shipping accounts for an incredibly large part of the world
economy, and skippers will always be needed. There is already a labor shortage
within the maritime industry and more automation could therefore help. On the
other hand, I am quite skeptical about replacing a seafarer with a robot or software.
Sure, a large percentage of accidents at sea occur due to human error, but what
percentage of accidents have been avoided because of humans?

What advantages do you see in semi and/or fully autonomous vessels?

I definitively see an economic advantages. This is because it will take less training
to educate new people and fewer staff are needed on a autonomous vessel. This also
goes back to what I said before about the possible solution to the labor shortage.
Automation is also a useful tool, specifically on long voyages, cargo ships across
the Atlantic and such. Then you can spend more time on maintenance instead of
navigation.

What disadvantages do you see in semi and/or fully autonomous vessels?

On short trips, like urban traffic, there are many external factors like weather,
currents, winds, and other traffic like sailboats, kayaks, and other ferries, among
others, that is hard for a computer to always correctly compensate for. Perhaps
cable ferries are another viable option; they travel on a predetermined route and are
easy to dock, etc.

Whenever you work with people, problems occur. The autonomous ferry has to
handle tourists, bicycles, and other ’junk’ people bring along, but how does it do
that? An example is alcohol; many evenings, there are people who want to come
aboard and drink their alcohol, but you as a deckhand have to stop them as there is
zero tolerance for that on the ferries I work on. This is due to the safety risks and
out of respect for other passengers.

Then there is also the question of responsibility. If there is no one on board who
is in charge, who is responsible if someone falls overboard or get crushed during
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docking? Accidents do happen and there needs to be someone there to handle it.
There is a reason why the education to become an officer is several years long; it is
not easy to replace.
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2
Theory

This chapter highlights the theories, concepts, and software used in this project. It
provides an overview of how these tools function rather than detailing their specific
implementation. It also explores similar previous work.

2.1 Previous Work
This section highlights examples of previous work conducted in the same field.

2.1.1 Marine Autonomous Research Vehicle (MARV)
In 2021, the Department of Electrical Engineering at Chalmers hosted a project
in collaboration with the Swedish Sea Rescue Society (SSRS) [11]. The project
aimed to create a testbed that simplified the implementation and testing of au-
tonomous navigation software for students and researchers, while demonstrating
how autonomous systems could assist SSRS operations. Both hardware and soft-
ware were developed to facilitate the integration of high-level control software and
algorithms into MARV. To verify the testbed, a demonstrational waypoint mission
control system was developed and implemented.

As part of the demonstrational control system, a dynamical maneuvering model was
created to describe how the hull interacts with the water. Several experiments were
designed and conducted to estimate the required model parameters. One such test,
a coast-down test, approximated the damping force generated by the water as a
function of surge.

2.1.2 Project from Trondheim, Norway
Sensor fusion algorithms combined with a control system showed promising results
for autonomous docking. In 2021, the fully autonomous urban electric ferry, mil-
liAmpere2, was launched [4]. Developed by the Norwegian University of Science and
Technology in Trondheim, milliAmpere2 was designed to carry up to 12 passengers,
matching the capacity of the CStrider ferry.

To navigate busy waterways safely, the ferry utilized a diverse sensor suite for dock-
ing and obstacle avoidance. A situational awareness computer integrated twelve
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cameras (eight RGB and four IR), two lidars, one radar, and four ultrasonic distance
sensors to estimate the position and velocity of nearby objects. This data enabled
the ferry to reactively adjust its path and velocity, which ensured safety in high-
traffic zones. Additionally, primary and backup global navigational satellite system
(GNSS) units, an inertial measurement system (IMU), and a wind sensor provided
the autonomy system with essential state and environmental information. When-
ever sensor performance declined, the environmental assessment became inaccurate.
To mitigate this, the milliAmpere2 utilized a safety mechanism that evaluated mea-
surement quality; if the data proved inadequate, the ferry entered a minimum-risk
state and halted.

The ultrasonic sensors guided the ferry during the final stages of docking. These
sensors were mounted in pairs on both the bow and the stern. Because the ferry
was symmetric, it docked bidirectionally, eliminating the need for substantial ro-
tation around the yaw axis to achieve a correct heading prior to docking. This
design simplified the control problem by reducing deviations from the desired final
heading angle. Consequently, the ferry tracked the path planner and utilized ultra-
sound measurements exclusively to fine-tune its final position relative to the docking
station.

In contrast, the CStrider ferry is designed with a large cabin for passenger comfort,
and its docking mechanism is located solely on the stern. This layout requires ro-
tation around the yaw axis along its path, introducing complexities for the control
and path-planning algorithms, which has to account for these maneuvers to achieve
the desired final pose. Furthermore, the docking sequence this project develops for
CStrider relies entirely on onboard sensors, reducing infrastructure requirements and
improving versatility. However, docking without external guidance requires highly
accurate position and orientation estimates derived solely from onboard instrumen-
tation.

2.2 Marine Vessel Modeling

Marine vessel theory comprises two main branches: sea-keeping and maneuvering
theory [17]. They differ fundamentally in their physical derivations due to distinct
operating conditions.

2.2.1 Sea-keeping Model

Sea-keeping models predicts vessel behavior under normal operating conditions out
at sea involving wave and current disturbances. In these models, velocity and head-
ing is assumed to be constant and hydrodynamic coefficients are dynamic functions
of wave frequency [17, p. 81].
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Figure 2.1: Visual illustration of generalized forces (left) and the state vector
(right).

2.2.2 Maneuvering Model
Maneuvering models assume operation in calm waters without high-frequency wave
disturbances. This assumption yields static hydrodynamic coefficients [17, p. 109].
This project uses a maneuvering model because docking occurs at low velocities and
normally in calm waters. The model is defined in the horizontal plane; therefore,
pitch, roll, and heave are neglected. The state vector is defined as the body-frame
velocity vector,

v = [u, v, r]⊤, (2.1)

where u is surge, v is sway, and r is yaw rate in the body frame (shown in Figure 2.1).

The 3-DoF maneuvering model is expressed as a sum of several terms:

τrigid body + τhydrodynamics + τhydro statics = τmotors + τwind + τwave, (2.2)

where τ = [X, Y,N ]⊤ is a generalized force vector (shown in Figure 2.1), in which
X and Y are the forces along the x- and y-axes, and N is the yaw torque. The six
different τ terms are described below.

The rigid-body forces, τrigid body, arise from the motion of a body with mass and
inertia. They are defined as

τrigid body = MRBv̇ + CRB(v)v (2.3)

The rigid-body inertia matrix MRB represents the body’s inertia, and the rigid-body
Coriolis and centripetal matrix CRB represents the Coriolis and centripetal effects
in the rotating body coordinate system. They are defined as

MRB =

m 0 0
0 m mxcog
0 mxcog Iz

 (2.4)
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and

CRB(v) =

 0 0 −m(xcogr + v)
0 0 mu

m(xcogr + v) −mu 0


where m is the mass, Iz is the moment of inertia about the z-axis, and xcog is the
distance between the rotation axis and the center of gravity. Note that CRB(v)
depends on the state vector.

The hydrodynamic forces, τhydrodynamics, consist of added mass forces and hydrody-
namic damping forces

τhydrodynamics = MAv̇r + CA(vr)vr︸ ︷︷ ︸
added mass forces

+ D(vr)vr︸ ︷︷ ︸
damping forces

(2.5)

where vr = v − vc and vc is the velocity of the current. Under ideal conditions, the
velocity of the current is zero, such that vr = v. The added mass the phenomenon
represents pressure-induced forces and moments caused by the movement of the hull
in the water [16, p. 32]. The added mass inertia matrix, MA, and the added mass
Coriolis and centripetal matrix, CA, are given by:

MA =

−Xu̇ 0 0
0 −Yv̇ −Yṙ

0 −Yṙ −Nṙ


and

CA(v) =

 0 0 Yv̇v + Yṙr
0 0 −Xu̇u

−Yv̇v − Yṙr Xu̇u 0

 .

The entries in MA and CA(v), when multiplied by the state vector or its derivative
(see Equation 2.5), represent the pressure-induced forces and moments caused by
hull acceleration in surge, sway, and yaw. These parameters are often estimated
using strip theory (see Section 3.2.2).

The damping force is defined as the damping matrix D(vr) multiplied by the state
vector vr (see Equation 2.5), where the damping matrix is defined as

D(v) = [fX(v), fY (v), fN(v)]⊤, (2.6)

where each function fi is nonlinear and is typically determined experimentally and
approximated as a linear or polynomial function.

Under the assumption of zero current, vc = 0, the hydrostatic force in the 3-DoF
horizontal plane is zero [17, p. 133]:
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τhydrostatics = 0. (2.7)

The project scope excludes environmental disturbances; therefore, wind and wave
forces are neglected:

τwind = τwave = 0. (2.8)

The control forces and torque generated by the motors are represented as

τmotors = [X,Y,N ]⊤. (2.9)

From Equations 2.3–2.9 (excluding Equation 2.6), the model is expressed as

Mv̇ + C(v)v + D(v)v = τmotors, (2.10)

where

M = MRB + MA

C(v) = CRB(v) + CA(v).

2.3 Controller
Autonomous navigation controllers are typically divided into subcomponents. This
section describes the algorithms and control theory used across these components.
Their specific implementation and functionality are detailed in Section 3.3.

2.3.1 Extended Kalman Filter
The Kalman filter is a powerful sensor-fusion tool that enhances measurement ac-
curacy by combining a process model with a measurement model. While the true
state remains unknown, the filter tracks uncertainties in both models via a covariance
matrix. By fusing these components, the filter calculates a gain K that minimizes
the posterior error covariance, yielding a statistically optimal state estimate with
minimum variance.

While the classic Kalman filter assumes linear models, the Extended Kalman Filter
(EKF), handles non-linear systems by linearizing the non-linear model around the
current state estimate. This recursive filter predicts the next state using a process
model and updates this prediction using new measurements. These operations com-
prise the prediction and correction steps. The prediction step is expressed as [18,
p. 113]:
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xk|k−1 = f(xk−1|k−1,uk−1)
Pk|k−1 = F Pk−1|k−1F

⊤ + GRuG⊤ + Q

F = df

dx

∣∣∣∣∣
x=xk−1|k−1

G = df

du

∣∣∣∣∣
u=uk−1

(2.11)

where Q is the process noise matrix and P is the state uncertainty matrix. While
measurements are sometimes used as input [18, p. 82], adding their covariance Ru

via the term GRuG⊤ is not standard in the literature, but mirrors the addition of
the state covariance Pk−1|k−1 via F Pk−1|k−1F ⊤. The correction step equations are:

V = zk − h(xk|k−1) (2.12)

H = dh

dx

∣∣∣∣∣
x=xk|k−1

(2.13)

S = HPk|k−1H
⊤ + R (2.14)

K = Pk|k−1H
⊤S−1 (2.15)

xk|k = xk|k−1 + KV (2.16)
Pk|k = (I − KH)Pk|k−1, (2.17)

where h(xk|k−1) maps the state to the measurements, zk represents the measurement
at step k, and R is the measurement covariance matrix. Equations 2.14 and 2.15
define the innovation covariance S and the Kalman gain K. A large S yields a
small K, causing the filter to rely more on the process prediction and reducing the
measurement update step. A small Kalman gain indicates low confidence in the
measurement. Conversely, a small S results in a large K, signaling high confidence
and producing a larger update step. As shown in Equation 2.17, the updated state
uncertainty matrix P shrinks proportionally to K.

2.3.2 Model Predictive Control (MPC)
Model Predictive Control (MPC) is a method that can be used for autonomous
marine docking [12]. The MPC algorithm computes optimal control inputs subject
to defined constraints and the current state. It generates a control sequence that
tracks a reference trajectory while satisfying all system constraints. At each time
step, only the first control input from this sequence is applied. For the next iteration,
the newest state estimates serves as initial states.

Figure 2.2 illustrates what happens before and during the prediction horizon, which
defines how far into the future the controller predicts the system states. At each
step, predicted control inputs propagate the state estimates across this horizon. The
predicted output converges to the reference trajectory within this window, and the
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Figure 2.2: MPC illustrated, By Martin Behrendt - Own work, CC BY-SA 3.0,
https://commons.wikimedia.org/w/index.php?curid=7963069

terminal point represents the final state. MPC identifies the optimal path to this
final state. Optimization is governed by a cost function subject to state and input
constraints, formulated as

V ∗
N(x) = min

u(0:N−1)
VN

(
u(0 :N − 1), x(0 :N)

)
(2.18)

where

VN

(
u(0 :N − 1), x(0 :N)

)
= e⊤(N)Pfe(N) +

N−1∑
k=0

(
e⊤(k)Qe(k) + u⊤(k)Ru(k)

)

and

e(0 :N) = x(0 :N) − rref (0 :N)

subject to
x(k + 1) = Ax(k) + Bu(k)

xmin ≤ x(k) ≤ xmax

umin ≤ u(k) ≤ umax

(2.19)

where N is the horizon length, A and B are system state-space matrices, tunable
penalty matrix Q penalizes state error during the entire horizon, the matrix R
penalizes control signals, and the matrix Pf penalizes the final state error at the
end of the horizon [5].
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MPC can enforce explicit constraints on translational motion, rotational motion,
and actuator inputs. The constraints are paramount for both safety and actua-
tor feasibility during a docking maneuver. What separates MPC from the Linear
Quadratic Regulator (LQR) is the explicit handling of constraints. The LQR is the
unconstrained, infinite-horizon special case of the same quadratic optimal control
problem, yielding a static feedback gain u = −Kx obtained from the discrete alge-
braic Riccati equation [6]. Because the LQR carries no notion of constraints, input
limits must be enforced post-optimization by clipping.

Furthermore, MPC constraints and penalty matrices bound controller aggressive-
ness, directly influencing energy consumption. The objective is to maximize tracking
accuracy while minimizing control effort. For a single-ended ferry, terminal heading
is critical. MPC allows the system to plan ahead, ensuring the correct orientation
before reaching the dock.

2.3.3 Robot Operating System 2 (ROS 2)
Robot Operating System 2 (ROS 2) [8] is a framework of tools and libraries for
robotic software development. It operates using nodes and topics; a node is a mod-
ular software unit executed on an event-driven basis. Events include incoming sensor
data or timer-triggered control loops. Topics act as communication channels where
nodes publish data for subscriber nodes to consume.

For example, this project features a state estimator node. It subscribes to sensor
topics, estimates the state vector, and publishes the results to an estimation topic.
Subscribed controller nodes then consume these updates synchronously.

2.4 Virtual RobotX (VRX)
Virtual RobotX (VRX) is a simulation environment for unmanned surface vessels
[7]. Figure 2.3 shows a screenshot of this open-source extension to the Gazebo
simulator. Key features include:

• Ocean-spectra wave models that affect vessel dynamics and simulated sensors.

• Stochastic wind disturbances.

• Approximated buoyancy forces acting on geometric shapes to enable a floating
behavior.

• A parameterized, non-linear, configurable propulsion thrust model.

The simulation runs in real time at the expense of absolute physical accuracy. It
aims to replicate qualitative real-world behaviors, though quantitative magnitudes
may vary. Its design philosophy dictates that controllers that fail in simulation will
fail in reality and controllers that works in reality will work in simulation, making
simulations in VRX a suitable testing phase prior to physical deployment.
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The simulator interfaces via ROS 2 by listening to thrust command topics, publishing
sensor data, and broadcasting simulation metrics like simulation time. This allows
interaction via standard ROS 2 tools like RQt alongside custom controller nodes.

Figure 2.3: Screenshot from VRX.
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3
Method

This chapter covers the implementation of the theory described in the previous chap-
ter, along with motivations behind the methodology. It begins with a description
of the ferry hardware, followed by an explanation of system identification and dy-
namic modeling. The subsequent section details the controller architecture, and the
chapter concludes with a brief overview of how AI tools are utilized throughout the
project.

3.1 Hardware
Although the controller is never physically deployed, it is designed to be compatible
with the hull geometry, sensor configuration, and actuators described in this section.

3.1.1 Hull and Actuators
CStrider’s first prototype vessel Celia One, shown in Figure 3.1, is a catamaran
equipped with two independently steerable electric outboard motors attached to the
aft of each hull. It also features a bow thruster in each hull, with all actuators
managed by a centralized onboard computer.

3.1.2 Sensors
The ferry features a dual-antenna Inertial Navigation System (INS) with an inte-
grated IMU and state estimator. The dual-antenna configuration allows heading
estimation solely from GNSS measurements. The State-Estimator provides the fol-
lowing kinematic states:

• Position

• Velocity

• Acceleration

• Orientation

• Angular Velocities

15



3. Method

Figure 3.1: Image of Celia One from .

It is also equipped with other sensors, such as cameras and radars, but those are
not utilized in this project.

3.2 System Identification
Modeling the system is a critical step in designing the controller. This section
explains how the maneuvering model is applied, how its parameters are estimated,
and how the physical motor thrust is quantified.

3.2.1 Marine Vessel Modeling
To implement the 3-DoF maneuvering model [17, p. 109], the original equations are
simplified. Assuming that the axis of rotation is located at the geometric center of
the ferry, the rigid-body mass matrix from Equation 2.4 becomes

MRB =

m 0 0
0 m mxcog
0 mxcog Iz

 ≈

m 0 0
0 m 0
0 0 Iz

 . (3.1)

Furthermore, assuming that the off-diagonal elements are small [17, p. 119], the
added-mass matrix simplifies to

MA =

−Xu̇ 0 0
0 −Yv̇ −Yṙ

0 −Yṙ −Nṙ

 ≈

−Xu̇ 0 0
0 −Yv̇ 0
0 0 −Nṙ

 . (3.2)

These two assumptions also reduces the Coriolis matrices from Equations 2.3 and
2.5 to

CRB(v) =

 0 0 −m(xcogr + v)
0 0 mu

m(xcogr + v) −mu 0

 ≈

 0 0 −mv
0 0 mu
mv −mu 0

 (3.3)
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and

CA(v) =

 0 0 Yv̇v + Yṙr
0 0 −Xu̇u

−Yv̇v − Yṙr Xu̇u 0

 ≈

 0 0 Yv̇v
0 0 −Xu̇u

−Yv̇v Xu̇u 0

 . (3.4)

For the controller, the hydrodynamic damping from Equation 2.6 is assumed to be
linear:

D(v) =
[
fX(v) fY (v) fN(v)

]
≈ diag

[
−Xu −Yv −Nr

]
= D. (3.5)

Note that Xu ̸= Xu̇, Yv ̸= Yv̇ and Nr ̸= Nṙ. This assumption is justified by the
results of Experiments 1, 2, and 3 in Section 4.1.1. The non-linearities in the data are
small within the operational domain of the controller; thus, a linear approximation
of the damping coefficients is sufficient for the docking procedure. Nonetheless,
these experiments are performed to evaluate the extent of the non-linearities and
to accurately determine the parameters of D. However, the assumption of linearity
is not made when using the hydrodynamical model to estimate the physical motor
thrust. More on that in Section 3.2.5.2.

Equations 3.6–3.12 define the simplified hydrodynamic equations used by the con-
troller in this project:

Mv̇ + C(v)v + D(v)v =τmotors (3.6)
Mv̇ + C(v)v + D(v)v =0 (3.7)

D(v)v = − Mv̇ − C(v)v (3.8)

M =

m−Xu̇ 0 0
0 m− Yv̇ 0
0 0 Iz −Nṙ

 (3.9)

C =

 0 0 Yv̇v −mv
0 0 mu−Xu̇u

mv − Yv̇v Xu̇u−mu 0

 (3.10)

D = diag
[
−Xu −Yv −Nr

]
(3.11)

τmotors = [X,Y,N ]⊤ (3.12)

From these formulations, the non-linear equations of motion are derived. The ac-
celerations in surge, sway, and yaw are expressed as

v̇ = M−1(τmotors − C(v)v − D(v)v) =


−(X+Xuu−Yv̇rv+mrv)

Xu̇−m

−Y +Yvv+Xu̇ru−mru
Yv̇−m

N+Nrr−Xu̇uv+Yv̇uv
Iz−Nṙ

 . (3.13)

3.2.2 Estimating Added Mass With Strip Theory
In the maneuvering model, pitch and roll are neglected, meaning the coefficients of
the MA matrix are static. Because the hull is slender, the hydrodynamic derivatives
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in the MA matrix from Equation 3.2 are estimated using strip theory [16, pp. 37–40].
The added-mass coefficients depend on the geometric properties of the submerged
hull. In strip theory, the submerged hull is divided into cross-sectional slices, or
strips, along its length to estimate the two-dimensional added mass of each section.
These 2D values are then integrated over the hull length to compute the total added
mass, a method applied here for sway. Fossen proposes estimating the added mass
in surge as 5% of the total mass when the submerged hull is approximated as a half
cylinder [16, p. 39]. The added mass for yaw rotation combines both approaches, as
shown later in Equation 3.20.

For the derivation, the geometry of the submerged hull is first approximated. The
actual and approximated cross-sections of one pontoon of the catamaran hull are
visualized in Figure 3.2. The gray area represents the physical hull, while the orange
semicircle depicts the approximated submerged hull. Let rhull be the radius of the
hull, lwaterline the distance from the centerline to the waterline, ddraft the draft, and
r̂ the radius of the approximated semicircular submerged hull. The radius r̂ is
calculated as the mean of ddraft and lwaterline. Because lwaterline is difficult to measure
directly, it is approximated as lwaterline ≈ rhull, yielding:

r̂ = ddraft + rhull

2 . (3.14)

Figure 3.2: Cross section of submerged hull in gray, the approximated submerged
hull in orange, different dimensions illustrated with green arrows and the waterline
illustrated in blue.

For a half circle approximation of a monohull, the added masses for surge, sway, and
yaw are estimated as
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−Xu̇ = 0.05m (3.15)

−Yv̇ = 1
2

∫ L/2

−L/2
ρπr̂2 dx = 1

2ρπr̂
2L (3.16)

−Nṙ = 1
2

∫ B/2

−B/2
y2 0.1m

B
dy + 1

2

∫ L/2

−L/2
x2ρπr̂2 dx

= 1
24(0.1mB2 + ρπr̂2L3)

(3.17)

where m is the mass of the ferry, ρ is the water density, L is the hull length, B is
the beam width, and x and y are coordinates relative to the center of rotation in
yaw and r̂ is assumed to be the same throughout the length of the hull. The minus
sign notation is from the literature.

As no literature was found regarding the adaptation of this method for catamarans,
doubling the monohull added mass for surge and sway is assumed to be a sufficient
approximation. For −Nṙ, the integral over y is evaluated from l− B

2 to l+ B
2 , where

l represents the distance from the vessel centerline to the centerline of an individual
hull. This value is then doubled to account for both hulls. Thus, the added masses
for the catamaran are assumed to be

−Xu̇ =2 × 0.05mh = 0.05m, (3.18)

−Yv̇ =2 × 1
2

∫ L/2

−L/2
ρπr̂2 dx = ρπr̂2L, (3.19)

and

−Nṙ = 2 ×
(

1
2

∫ l+B/2

l−B/2
y2 0.1mh

B
dy + 1

2

∫ L/2

−L/2
x2ρπr̂2 dx

)

= 1
12

(
0.1 m2 (B2 + 12l2) + ρπr̂2L3

)
,

(3.20)

where mh = m
2 is the mass supported by each hull, and the remaining variables

match the monohull definition.

3.2.3 State Space Modeling
The 3-DoF maneuvering model for trajectory tracking is formulated as a six-state
model to track both pose and velocity. The complete state vector is defined as

η =
[
E N ψ u v r

]⊤
, (3.21)

which combines the global position and body-frame velocities.

The full non-linear dynamics are expressed by combining Equation 3.13 with the
velocity in the world coordinate frame.
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η̇ = f(η, τmotors) =
[

R(ψ)v
M−1(τmotors − C(v)v − D(v)v)

]
, (3.22)

where

R(ψ) =

cosψ − sinψ 0
sinψ cosψ 0

0 0 1

 ,
and v is the body-frame velocities defined by Equation 2.1.

The model is linearized using a first-order Taylor expansion:

f(η, τ ) = f(ηop, τop) + df(η, τ )
dη

(η − ηop) + df(η, τ )
dτ

(τ − τop), (3.23)

where the subscript op denote the operating point. This is rewritten as

f(η, τ ) =f(ηop, τop) + A(η − ηop) + B(τ − τop) (3.24)
=Aη + Bτ + C, (3.25)

where

C = f(ηop, τop) − Aηop − Bτop. (3.26)

By using the current state estimate as the operating point, the introduction of an
offset variable C eliminates the need for state deviation variables, serving instead
as a direct offset [22]. Finally, the system is discretized using a zero-order hold, and
τop = 0, yielding the discrete state-space model:

η(k + 1) = Adη(k) + Bdτ (k) + Cd (3.27)

3.2.4 Experiment Setup
Six experiments are designed for the project. Experiments 1 through 3 estimate the
hydrodynamic parameters, Experiments 4 and 5 characterize the motor parameters,
and Experiment 6 is intended to fine-tune and validate the hydrodynamic model.

Due to time limitations, physical testing on the actual ferry was not possible; conse-
quently, all experimental data are collected via simulated sensors in VRX. However,
all tests and parameter estimation methods are fully compatible with real-world
ferry data.

The same data set is logged across all trials consisting of both raw sensor measure-
ments and state estimations:

• Timestamp
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• Raw longitude and latitude from the GNSS

• Estimated yaw

• Estimated surge and sway

• High-pass filtered yaw rate from gyro

• High-pass filtered linear accelerations in surge and sway from the accelerometer

• Thrust and steering angle commands sent to the motors

Experiment 5 is an exception to this, as explained bellow. Each experiment is
conducted multiple times to ensure repeatability, to verify that the data remains
untainted by uncontrolled variables, and to mitigate sensor noise through averaging
to approach the true mean values.

To minimize the impact of environmental variables like wind and currents, specific
testing orientations are chosen. For instance, during surge tests, the vessel is oriented
so that environmental disturbances hit the hull laterally, isolating the effects to sway.
Additionally, trials are conducted an even number of times, alternating directions
(e.g., swapping between easterly and westerly courses during a northerly wind) to
cancel out directional bias.

3.2.4.1 Experiment 1

This experiment gathers data to estimate water drag in surge. The vessel accelerates
to maximum surge before all engine thrust is cut, allowing water drag to decelerate
the ferry. The logged surge data are used to approximate fX(v) from Equation 2.6.
In reality on Celia One, this test would be performed in reverse, as the hull geometry
generates higher damping when moving astern. However, the hull in VRX is very
similar in the bow and stern, thus the dampening in positive and negative surge is
assumed to be equal and the test is only performed forward.

3.2.4.2 Experiment 2

This experiment replicates the procedure of Experiment 1 but focuses on sway to
approximate fY (v) from Equation 2.6. Sideways translation is achieved using the
dual-motor configuration illustrated in Figure 3.3. However, due to the dynamic
and unpredictable nature of marine maneuvering, it is not possible to achieve pure
surge motion using static motor angles. Feedback through computer or human
intervention is needed to produce accurate test data.

3.2.4.3 Experiment 3

The third experiment evaluates damping in yaw rotation to approximate fN(v) from
Equation 2.6. Pure yaw rotation is generated by aligning both motors straight,
running one forward while reversing the other.
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Figure 3.3: How to drive a catamaran sideways using a dual motor setup. Point
both motors outwards approximately 25 degrees so that their thrust vector intersects
the axis of rotation in yaw. Then reverse one motor and drive the other one forward.
This will result in a combined force acting in sway.

3.2.4.4 Experiment 4

This experiment measures accelerations of varying intensities at different surge ve-
locities across four phases, each defined by a specific baseline thrust level:

• Phase 1: 0%

• Phase 2: 25%

• Phase 3: 50%

• Phase 4: 75%

Each phase consists of four steps. Each step is performed by executing these four
sub-steps:

1. Apply the phase base thrust and wait for a steady-state velocity.

2. Increase thrust by 5, 10, 15, or 20 percentage points above the baseline (for
steps 1, 2, 3, and 4, respectively).

3. Wait for a new steady-state velocity.

4. Proceeding to the next step.

For example, during Step 3 of Phase 2, the motors stabilize at a 25% baseline, step
up by 15 percentage points to 40%, reach a stable speed, and return to 25% before
initiating the final 20 percentage step. Figure 3.4 illustrates typical surge and thrust
command profiles during this experiment.

The objective is to derive a three-dimensional relationship mapping acceleration
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Figure 3.4: Experiment 4. This is an example of how the thrust command and
surge can look when following the sequence explained for Experiment 4.

against thrust increments across multiple speeds. By applying the dynamic model
parametrized in Experiments 1–3, these accelerations are converted into physical
driving forces. The final output yields a three-dimensional relationship estimated by
an equation relating force and water velocity over the propeller to thrust commands.

3.2.4.5 Experiment 5

To determine the maximum steering angle and angular velocity, the motors are
commanded to cycle between full port and full starboard deflection. The actual
motor angle feedback is recorded and differentiated to find the steering actuation
speed. This test is evaluated at multiple surge velocities to account for potential
friction increases induced by propeller thrust.

In VRX, where default angular speeds are unrealistically high, the controller is
capped at a steering rate of 18°/s to approximate the physical limits of Celia One.

3.2.4.6 Experiment 6

The final proposed experiment involves navigating a sharp zig-zag or S-shaped pat-
tern. The data is intended to be used to fine-tune and validate the dynamic model
parameters, as explained in in the next section. However, due to time constraints,
this test was omitted.

3.2.5 Parameter Estimation
Data from Experiments 1, 2, and 3 are utilized to estimate the damping coefficients
Xu, Yv, and Nr for the matrix D in Equation 3.6. Because the estimation procedures
for Yv and Nr mirror that of Xu, only the derivation for Xu is detailed below.
This methodology is inspired by the work of Danielsson and Lindström [11]. The
estimation of motor forces using Experiment 4 data is discussed subsequently, as it
requires an estimation of D.

Initial parameter estimates can be refined by logging vessel trajectories during highly
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dynamic maneuvers, such as the zig-zag patterns outlined in Experiment 6. By run-
ning a parallel simulation of the dynamic model using identical thrust and steering
inputs, the logged and simulated trajectories are overlaid. The parameters are then
manually adjusted until the tracks align closely, making the simulated boat model
match the behavior of the real vessel. Due to time constraints, this optimization
phase is omitted.

3.2.5.1 Estimating the Dampening Parameters

The first row of the complete system dynamics (Equation 3.6), which represents
surge dynamics, is rearranged to isolate the total damping force Xuu:

Xuu = (m−Xu̇)u̇+ (Yv̇ −mv)r −X (3.28)

Because Xuu describes the damping forces in surge, and all variables on the right-
hand side are known from Experiment 1, mapping the logged (u, u̇) data points
yields a set of discrete (u, Fdamping) pairs. These pairs are plotted to visualize the
relationship between surge velocity and water resistance.

Because data collection occurs at a fixed frequency, the dataset contains significantly
more points at low velocities than at higher velocities. To prevent low-speed bias,
data points are weighted inversely to their local density during fitting.

The resulting dataset is fitted to four separate polynomials. Two of them are on
linear form, plinu, one with weighted points and one with unweighted points. The
other two are on quadratic form, pquad

1 u+pquad
2 u2, one with weighted points and one

with unweighted points. The linear models are designated for the controller architec-
ture, while the more precise quadratic fits—which capture non-linear hydrodynamic
features—are used to estimate the motor forces in the next section.

Crucially, the polynomials directly estimate the total force Xuu rather than the iso-
lated coefficient Xu, meaning Xu ≈ plin and Xu ≈ pquad

1 +pquad
2 u. Although isolating

Xu directly from the outset simplifies the process, both mathematical formulations
are valid. Thus, it will not be recalculated using the simpler method.

To calculate Yv and Nr, the second and third rows of the system dynamics (Equa-
tion 3.6) are used and Yvv and Nrr is isolated and approximated using sway data
from Experiment 2 and yaw rate data from Experiment 3. Because no physical sen-
sor measures yaw acceleration (ṙ), it is approximated by numerically differentiating
the estimated yaw rate.

3.2.5.2 Estimating the Force Produced by the Motors

A mathematical mapping is required to convert the force demands computed by the
controller (in Newtons) into unitless motor commands.

The thrust generated by a given command depends heavily on the advance velocity
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of the water passing through the propeller disk. At a constant rotational speed,
net thrust decreases as the water velocity through the propeller increases, moving
toward a condition where propeller blade pitch matches fluid velocity and no fluid
is accelerated rearward.

To characterize this, a three-dimensional point cloud composed of surge velocity,
thrust commands, and measured accelerations is extracted from the Experiment 4
dataset. Surge is equal to the water velocity passing through the propeller disk when
the motors are not angled. Using the dynamical model, these entries are converted
into discrete points relating surge, thrust command, and physical motor force, to
which a second-order polynomial is fitted.

By extracting the surge equation from the system dynamics (Equation 3.6) and
substituting the quadratic damping model, the net motor force X is isolated directly:

X = (m−Xu̇)u̇+ (Yv̇ −mv)r − (pquad
1 + pquad

2 u)u (3.29)

where X represents the sole unknown variable. The structured steps in Experiment
4 ensure an even distribution of data across a broad envelope of accelerations, veloc-
ities, and input commands, which are processed through this equation to generate
the force dataset.

Finally, a second-order polynomial is fitted to the data, using surge velocity and
requested force as inputs to output the corresponding thrust command. The poly-
nomial omits a constant intercept term, enforcing the physical constraint that zero
thrust command corresponds to zero generated force when stationary:

f(x, y) = p1x+ p2y + p3x
2 + p4xy + p5y

2 (3.30)

where x is the surge velocity, y is the requested force, and f(x, y) is the target thrust
command. The thrust command is used as the output of this polynomial, instead
of the motor force, because that is how it is implemented in the controller. A motor
force is requested, the surge is estimated and these are then used to calculate a
thrust command.

3.3 Controller
The controller architecture prioritizes modularity because the project scale is large
relative to the available development time. The primary goal is to build a functional
and upgradable system rather than a perfectly optimized one. A modular design
allows independent module upgrades without altering the entire controller structure.
It is also easier for a new team to understand how individual sub-components work
than a large complex single-structure controller.

The modules are implemented as ROS 2 nodes for two primary reasons. First, ROS
2 fits a modular architecture; nodes run independently while communicating seam-
lessly via the publisher/subscriber paradigm. Second, it enables direct integration
with the Virtual RobotX (VRX) simulation software, which interfaces natively via
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Figure 3.5: Controller architecture. rpp is the reference path from the Path-
Planner, τmpc and τlqr are the generalized forces calculated by the MPC and LQR
respectively, τdes is the combined desired generalized control force, ThrustCMD is
the motor control forces and angles, and x is the state vector. In this figure, x
represents both x and η. η is a state vector in another frame explained bellow.

ROS 2. Additionally, implementing nodes in Python leverages team familiarity and
saves valuable development time.

Figure 3.5 shows the controller architecture that is be explained in this section.

3.3.1 Global Frame and Body Frame
The controller subsystems use different reference frames. This project employs
two primary frames: the global East-North-Up (ENU) frame and the body-fixed
Forward-Left-Up (FLU) frame (Figure 3.6). Heading is the angle between the global
east axis and the body forward axis. Because the rotation axis remains the same
under coordinate transformations, heading is identical in both frames. Rotation
matrices translate vectors between these frames:

RF2E(ψ) =
[
cosψ − sinψ
sinψ cosψ

]
(3.31)

and

RE2F(ψ) = RF2E(ψ)⊤ =
[

cosψ sinψ
− sinψ cosψ

]
(3.32)

where ψ is the heading and RF2E(ψ) and RE2F(ψ) are rotational matrices with
subscripts denoting FLU-to-ENU and ENU-to-FLU transforms, respectively. For
example:

pENU = RF2E(ψ)pFLU (3.33)
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where pFLU and pENU represent vectors in the FLU and ENU frames, respectively.
These vectors typically contain velocities or accelerations.

Figure 3.6: The ferry in the FLU body frame relative to the ENU global frame.
The heading angle is measured relative to the east axis of the global frame.

3.3.2 State-Estimator
The State-Estimator within the ferry’s Inertial Navigation Unit (INU) estimates
all required states (see Section 3.1.2). However, its position estimates update at
only 10Hz, which is slower than the intended controller operating frequency. Conse-
quently, implementing the controller on the physical ferry requires a separate higher
frequency Kalman filter or a prediction model, which falls outside the scope of this
project.

The Virtual RobotX (VRX) simulation environment lacks an integrated INU filter,
providing only independent simulated GNSS and IMU sensors. Therefore, running
the controller in VRX requires a custom State-Estimator. This project implements
an Extended Kalman Filter (EKF) based on a kinematic process model. This model
assumes constant acceleration during each sample period and does not model the
hydrodynamical forces. While less accurate than a hydrodynamic process model,
low-magnitude measurement noise allows sensor updates to correct the estimated
states. The kinematic EKF is computationally efficient, ensuring robustness at
high frequencies, and its low complexity simplifies maintenance and updates. The
primary trade-off is reduced prediction accuracy due to process model bias [13].

The state vector for the EKF is,

xENU =
[
E N Ė Ṅ ψ

]⊤
, (3.34)

where (E,N) are position coordinates in the East-North-Up (ENU) inertial frame
and ψ denotes the heading angle. The input vector combines accelerometer readings
and gyroscope yaw rate measurements:

uF LU =
[
u̇ v̇ r

]⊤
, (3.35)

where (u̇, v̇) represent forward and lateral linear accelerations relative to the body-
fixed Forward-Left-Up (FLU) coordinate frame. However, waves affect pitch and
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roll, corrupting accelerometer measurements. Therefore, the measurements require
gravity compensation to prevent roll and pitch angles from corrupting the readings.
Because the ground-truth orientation is accessible in VRX, the ground-truth pitch
(θ) and roll (ϕ) angles are used directly to compensate for these gravity-induced
acceleration components without adding complexity to the state estimator:

uF LU =
[
u̇− g sin θ v̇ + g sinϕ cos θ r

]⊤
. (3.36)

This use of ground-truth values is deemed okay because this State-Estimator will
never be implemented on the real ferry. Since the state vector is expressed in the
world frame (ENU) and the inputs in Equation 3.35 are measured in the body frame
(FLU), the acceleration measurements must be transformed to ENU, as discussed
in Section 3.3.1:

aENU =
[
Ë
N̈

]
= RF2E(ψ)aF LU = RF2E(ψ)

[
u̇− g sin θ

v̇ + g sin θ cosϕ

]
(3.37)

Since the z-axis remain the same in both frames, r is also identical and the input
vector in the world coordinate frame (ENU) is then expressed as

u =
[
Ë N̈ r

]⊤
. (3.38)

The kinematic process model used in the EKF is defined as

xk+1 = f(xk,uk) =


Ek + ∆tĖk + 1

2∆t2Ëk

Nk + ∆tṄk + 1
2∆t2N̈k

Ėk + ∆tËk

Ṅk + ∆tN̈k

ψk + rk∆t

 (3.39)

Finally, the state estimate updates according to Equations 2.11 – 2.17, with data
from the GNSS as measurement data in zk.

3.3.3 Path-Planner
The Path-Planner generates a sequence of rotations and straight-line trajectories.
The vessel first rotates to face a position immediately outside the dock and then
travels in a straight line to this waypoint. Upon arrival, it rotates to orient its aft
toward the dock and finally reverses in a straight line to reach the destination. This
means the Path-Planner cannot avoid static or dynamic obstacles and that if its
start position is at the dock, it still drives to a position outside the dock before
reversing back in.

The path consists of discrete points separated by a time step of dt seconds. Each
point features five states: x and y positions, surge velocity, yaw angle, and yaw
rate. This trajectory serves as a reference for these five states. Consequently, the
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integral of the planned surge velocity must equal the total distance traveled, and the
integral of the yaw rate must equal the total rotation. A max velocity of 1m/s is
enforced and all accelerations and de-accelerations to and from this velocity is made
at a constant acceleration of 0.12m/s2 acceleration and 0.08m/s2 for retardation.
These values are tunable.

3.3.4 MPC

For control, the Path-Planner reference is transformed to align with the state-vector
η as described in Equation 3.21. This is done by expanding the 5-state Path-Planner
reference to include the sway-velocity and setting it to a constant 0.

Running at 5 Hz and guided by references from the Path-Planner, the linearized
MPC optimizes control inputs to maintain an accurate course. While the Path-
Planner generates kinematic trajectories subject to conservative geometric con-
straints, it does not account for vehicle dynamics or guarantee dynamic feasibility.
The MPC translates these kinematic references into control signals that satisfy the
dynamics and operational constraints of the ferry. Furthermore, tracking discrete
reference points reduces the computational complexity of the MPC, as it avoids
optimizing the entire global trajectory over a single horizon. This enables predic-
tion horizons that are long enough for the ferry to anticipate upcoming trajectory
changes, yet short enough to ensure accurate tracking. Assigning a heavy weight to
the terminal state of each horizon ensures that the MPC enforces strict compliance
with the reference path.

3.3.5 Condensed form MPC

Because the path planner reference can be trimmed into a localized reference win-
dows, the MPC is formulated in a condensed form. This formulation restricts the
optimization variables solely to the control input sequence. While the condensed
form generally executes slower than the uncondensed version for long horizons, since
the computational complexity of the uncondensed form scales linearly with horizon
length [20], it remains highly efficient for short horizons absent state variable con-
straints. The condensed MPC prediction model is formulated as
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η̂(1:N) =


Ad

A2
d

...
AN

d


︸ ︷︷ ︸

Φ

η(0) +



Bd 0 0 · · · 0
AdBd Bd 0 · · · 0
A2

dBd AdBd Bd · · · 0
... ... ... . . . ...

AN−1
d Bd AN−2

d Bd AN−3
d Bd · · · Bd


︸ ︷︷ ︸

Γ


τ (0)
τ (1)

...
τ (N − 1)


︸ ︷︷ ︸

U

+



I 0 0 · · · 0
Ad I 0 · · · 0
A2

d Ad I · · · 0
... ... ... . . . ...

AN−1
d AN−2

d AN−3
d · · · I


︸ ︷︷ ︸

G


gd

gd
...

gd

 .

(3.40)
Introducing a trajectory error variable and its input-independent component, the
MPC cost function is expressed as

Jtrack = e⊤Q̄e + U⊤R̄U (3.41)
e0 = Φη(0) + Ggd − ηref (3.42)

where

e = e0 + ΓU . (3.43)

Substituting e = e0 + ΓU and expanding Equation 3.42 gives

Jtrack = e⊤
0 Q̄e0 + 2U⊤Γ⊤Q̄e0 + U⊤Γ⊤Q̄ΓU + U⊤R̄U . (3.44)

Discarding the constant term e⊤
0 Q̄e0 yields

Jtrack = U⊤
(
Γ⊤Q̄Γ + R̄

)
U + 2U⊤Γ⊤Q̄e0, (3.45)

where R̄ penalizes the control sequence U , and Q̄ penalizes state deviations from
the reference trajectory. Furthermore,

Q̄ = blkdiag(Q,Q, . . . ,Pf ) (3.46)
R̄ = blkdiag(R, . . . ,R) (3.47)

where Pf is the terminal state cost penalty.

Because the controller operates on a physical, passenger-carrying electric ferry, large
control signal fluctuations are undesirable. Rapid oscillations produce jerky motions
that degrade passenger comfort. To mitigate this, an additional cost term penalizes
control rate-of-change. This penalty smooths the vehicle response and reduces me-
chanical stress on the motors. Furthermore, the internal predictive model does not
account for actuator dynamics, such as physical limits on thruster rotation speeds.
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Because the MPC only commands generalized forces rather than explicit actuator
angles, penalizing rapid control variations ensures that the commanded forces vary
slowly enough for the physical thrusters to track them. This rate-of-change cost
term is expressed as

∆U =



τ (0) − τprev

τ (1) − τ (0)
τ (2) − τ (1)

...
τ (N − 1) − τ (N − 2)

 = D∆U −


τprev

0
...
0


︸ ︷︷ ︸

u0

(3.48)

where τprev is the previous applied control input and

D∆ =



I 0 0 · · · 0
−I I 0 · · · 0
0 −I I · · · 0
... ... . . . . . . ...
0 0 · · · −I I

 . (3.49)

The additional cost term is

J∆U = (D∆U − u0)⊤S̄(D∆U − u0) (3.50)
= U⊤D⊤

∆S̄D∆U − 2u⊤
0 S̄D∆U + u⊤

0 S̄u0. (3.51)

Removing the constant term, which does not influence the optimal solution, yields

J∆U = U⊤D⊤
∆S̄D∆U − 2u⊤

0 S̄D∆U , (3.52)

where
S̄ = blkdiag(S, . . . ,S). (3.53)

The total cost function is therefore

Jtot = Jtrack + J∆U , (3.54)

which is structured for compatibility with a quadratic programming (QP) solver.
Furthermore, the control inputs are bounded by physical force limits at each time
step:

−τmax ≤ τ (k) ≤ τmax, k = 0, 1, . . . , N − 1, (3.55)

where τmax =
[
Xmax Ymax Nmax

]⊤
aggregates the surge force, sway force, and yaw

moment limits. Stacking these box constraints forms a pair of linear inequalities:[
I

−I

]
︸ ︷︷ ︸

A1

τ (k) ≤
[
τmax

τmax

]
︸ ︷︷ ︸

b1

. (3.56)
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Stacking these constraints over the entire prediction horizon yields the following
form:

Aineq =


A1 0 · · · 0
0 A1 · · · 0
... ... . . . ...
0 0 · · · A1

 , bineq =


b1
b1
...

b1

 . (3.57)

These constraints only bound the generalized forces (surge, sway, and yaw moments),
meaning no explicit state constraints are implemented. For urban operations, the
Cstrider ferry must not exceed a speed limit of 5 knots. This constraint is implicitly
enforced by choosing conservative bounds for τmax and speed limits in the Path-
Planner. The specific values for τmax can be found in Equation 3.69.

The complete condensed quadratic programming problem is formulated as

min
U

1
2U⊤HU + f⊤U (3.58)

subject to AineqU ≤ bineq,

where

H = 2
(
Γ⊤Q̄Γ + R̄ + D⊤

∆S̄D∆
)
, (3.59)

f = 2
(
Γ⊤Q̄e0 − D⊤

∆S̄u0
)
. (3.60)

3.3.6 OSQP Solver
The Operator Splitting Quadratic Program (OSQP) solver executes the MPC op-
timization. OSQP is highly suited for linear systems as it efficiently solves convex
quadratic programs [21]. Because the underlying system dynamics are linearized, the
resulting optimization problem remains convex. Additionally, OSQP features native
Python compatibility, making it highly compatible with the ROS2 implementation.

3.3.7 LQR
The low-frequency MPC optimizes a control sequence based on the initial state
estimate. However, several simplifications were made during the modeling of the
ferry, as explained in Section 3.2.1). This creates an inherent mismatch between the
model used by the MPC and the actual vessel dynamics. Furthermore, the system is
linearized only once per optimization cycle. A first order linearization is only exact at
the linearization point. Outside of this point, the linearization carries an error, where
the nonlinear dynamics no longer matches the linearized plant [19, p. 549]. This
error is the motivation for the linear time-varying MPC scheme, which re-linearize
around the previous predicted state at each step of the horizon to limit an error that
otherwise grows as the prediction deviates from the linearization point [23, p. 223-
228]. The existence of this scheme indicate that the single first-order linearization
(see Equation 3.23) will result in significant model-error as the prediction approaches
the terminal state. This is however, even more computationally heavy than normal
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MPC. In the docking scenario, the ferry’s velocity and heading evolve substantially
over the maneuver, so the predicted state moves far from the linearization point and
the prediction accuracy degrades accordingly across the horizon.

Because the MPC optimizes inputs against state predictions of decaying quality, the
resulting control-sequence is optimal for the linearized prediction model given its
initial operating point, but suboptimal for the true nonlinear plant. However, the
first control-inputs and predictions of the sequence are the least corrupted, since
they are computed in closest proximity to the linearization point. Furthermore,
unmodeled external disturbances, such as wind, waves and currents also cause the
vessel to drift from both its predicted trajectory and the global path reference. A
low-frequency, 5 Hz, MPC loop could be insufficient to reject such rapidly varying
disturbances.

Inspired by "Tube-MPC" , a high-frequency, 100 Hz, Linear Quadratic Regulator
(LQR) operates in parallel to the MPC [24]. The LQR is designed to minimize
the deviation of the actual state from the MPC’s predicted reference trajectory.
However, since the MPC is running at a lower frequency and generates a state
prediction per horizon step, the prediction has to be scaled such that it fits the
frequency of the LQR. By interpolating between the current and predicted states,
the controller generates a reference for the LQR. The MPC-LQR control law can
thus be expressed as

τdes = τmpc + τlqr, (3.61)

where

τlqr = −Klqr(ηinterpolated − η). (3.62)

While the MPC forces (τmpc) are bounded via optimization constraints, the com-
bined control command (τdes) must remain feasible. The total command is therefore
saturated using the same force and moment limits as the MPC. Consequently, the
LQR correction is realized only when the MPC command leaves headroom within
the saturation limits. If the MPC is already saturated, the LQR contribution is
clipped.

3.3.8 Thrust-Allocator

The MPC and LQR produce a desire generalized force vector, the function of the
Thrust-Allocator is to translate this into forces and angles for each motor, as il-
lustrated in Figure 3.7. The ferry features two azimuth thrusters with a steering
angle range of ±45 degrees. The motors provide bidirectional thrust (forward and
backward), enabling differential thrust capabilities.
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Figure 3.7: Conceptual illustration of the function of the Thrust-Allocator

Figure 3.8: Geometric setup of the thrusters on a dual azimuth thruster catamaran,
as Celia One.

Figure 3.8 illustrates this setup were φi denotes the steering angle for each thruster
and Fi represents the generated thrust. The parameters dcog and dm define the
distance from the center of gravity to the thrusters and the distance between the two
thrusters, respectively. Under a coordinate system where u represents surge velocity
and v represents sway velocity, the resulting generalized forces and moments τ are
modeled as
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τ =

XY
N

 =


F1c(φ1) + F2c(φ2)
F1s(φ1) + F2s(φ2)

dm

2

(
− F1c(φ1) + F2c(φ2)

)
+ dcog

(
− F1s(φ1) − F2s(φ2)

)


=

 c(φ1) c(φ2)
s(φ1) s(φ2)

−dm
2 c(φ1) − dcogs(φ1) dm

2 c(φ2) − dcogs(φ2)

 [F1
F2

]
= T (φ)F (3.63)

where s(·) = sin(·) and c(·) = cos(·) The high-level controller commands a de-
sired generalized force vector τdes, which the thrust allocator maps into individual
thrust commands F and steering angles φ. This allocation is challenging because
F , φ, and the steering rate φ̇ are bounded. Furthermore, the thruster configuration
matrix T (φ) can encounter singular configurations where its pseudoinverse is unde-
fined. Fossen [17, pp. 408-410] frames this allocation as an optimization problem,
customized for this system as follows:

J = min
F ,φ,s

{
P̄ |F1|3/2 + P̄ |F2|3/2 + s⊤Qs + (φ − φprev)⊤Ω(φ − φprev)

+ ϱ

ε+ det(T (φ)W−1T ⊤(φ))

}
(3.64)

subject to:
T (φ)F = τdes + s

− Fmax ≤ F ≤ Fmax

− φmax ≤ φ ≤ φmax

− ∆φmax ≤ φ − φprev ≤ ∆φmax

(3.65)

where

• P̄ |Fi|3/2 penalizes power consumption, where P̄ > 0 is a positive weighting
scalar.

• s⊤Qs penalizes the slack variable error s between the commanded forces τcmd
and the desired forces τdes. This ensures that the optimization problem retains
a feasible solution for any combination of τ and φprev. The weight matrix
Q > 0 is selected sufficiently large to drive s ≈ 0 whenever feasible.

• The term
ϱ

ε+ det(T (φ)W−1T ⊤(φ))
prevents singular thruster configurations where det(T (φ)W−1T ⊤(φ)) = 0. W
is a weighting matrix, in this project chosen to be I2×2. To prevent division
by zero, ε > 0 acts as a small regularization parameter, while ϱ > 0 scales
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the penalty. A larger value of ϱ prioritizes maneuverability at the expense of
power efficiency.

• −Fmax ≤ F ≤ Fmax defines the actuator saturation bounds.

• −φmax ≤ φ ≤ φmax enforces the allowable angular sector limits for the az-
imuth thrusters.

• −∆φmax ≤ φ − φprev ≤ ∆φmax restricts the maximum angular change per
sample step, which implicitly bounds the thruster turning rate φ̇. Here, φprev
represents the steering angles from the previous control cycle.

The optimization problem is presented in its non-linear form for conceptual clar-
ity, though the real-time controller implements a linearized version. This linearized
formulation iteratively computes the incremental adjustments ∆F and ∆φ. Con-
sequently, the controller tracks absolute actuator states across iterations by accu-
mulating these deltas onto the previous state values. The linearized optimization
problem is formulated as:

Jlin = min
∆F ,∆φ,s

{
(Fprev + ∆F )⊤P (Fprev + ∆F ) + s⊤Qs + ∆φ⊤Ω∆φ

+ ∂

∂φ

(
ϱ

ε+ det(T (φ)W−1T ⊤(φ))

) ∣∣∣∣∣
φprev

∆φ


(3.66)

subject to:

T (φprev)Fprev + T (φprev)∆F + ∂

∂φ
(T (φ)F )

∣∣∣∣∣φ = φprev

F = Fprev

∆φ = τdes + s

− Fmax − Fprev ≤ ∆F ≤ Fmax − Fprev

− φmax − φprev ≤ ∆φ ≤ φmax − φprev

− ∆φmax ≤ ∆φ ≤ ∆φmax

(3.67)

The solutions ∆F and ∆φ that minimize Jlin, and the slack vector s, are added to
the previous states Fprev and φprev. The resulting absolute variables are denoted as
Fcmd and φcmd.

The limitations used in Equation 3.65 and 3.67 and presented below represent ap-
proximate physical limitations observed for Celia One:

Fmax =
[
600N
600N

]

φmax =
[
45◦

45◦

]

∆φmax =
[
∆t 18◦/s
∆t 18◦/s

] (3.68)
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From the geometry in Figure 3.8 and values in Equation 3.68, the input constraints
of the MPC from Equation 3.55) is defined as:

τmax =

 2 × 600
2 × 600 × sin(45◦)

dm

2 × 2 × 600 cos(45◦) + dcog × 2 × 600 sin(45◦)

 =

 1200N
849N

2860Nm

 (3.69)

where dcog = 2.37m and dm = 2m is the geometry of the WAMV in VRX.

However, because the physical motors accept control commands rather than direct
Newton force values, a force-to-command conversion is required (see Section 3.2.5.2).
This mapping executes for each motor by inputting the commanded thrust Fi,cmd
and the estimated water flow rate across the propeller Vi,prop into an empirical poly-
nomial:

ThrustCMD = Poly(Fi,cmd, Vi,prop). (3.70)

This polynomial mapping is derived in Section 4.1.2. The fluid velocity at the
propeller disk is estimated using

Vi,prop ≈ u cos(φi,cmd) + (v + rdcog) sin(φi,cmd) (3.71)

where u, v, and r denote the surge, sway, and yaw rate states. Finally, ThrustCMD
and φcmd are sent to the motors.

3.4 Simulation in VRX
VRX provides a default vehicle model named the Wave Adaptive Modular Vessel
(WAMV) [7]. The simulation’s hydrodynamic coefficients are pre-tuned for this cata-
maran, which measures 4 m in length, 2.5 m in width, and weighs 180 kg. While im-
porting a custom hull geometry and unique hydrodynamic parameters is supported,
implementation is technically complex. Because the tracking controller scales to
Celia One through basic parametric re-tuning, deploying a custom model within
the simulator is unnecessary. To increase inertia, the simulated WAMV mass is in-
creased to 250 kg. Consequently, the controller is tuned for this 250 kg configuration.
All simulated sensors operate within either an East-North-Up (ENU) world frame
or a Forward-Left-Up (FLU) body frame.

3.5 Docking Tests in VRX
The docking sequence is evaluated under various environmental configurations to
compare performance between the standalone MPC and the integrated MPC-LQR
control architectures. Performance is analyzed from two distinct initial vessel poses.
The simulated environmental disturbances consist of ambient wind and wave fields.
The docking sequence utilizes the waypoints shown in Table 3.1.

where,
ηpose =

[
E N ψ

]
. (3.72)
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Table 3.1: Differing initial positions for the ferry docking sequence

Initial Pose Twist Point Docking Pose

Sequence 1 [ 39.20 -38.34 0.99] [15.16 0.57 0.079] [ 0.20 -0.61, 0.079]
Sequence 2 [42.02, 40.8 0.3] [15.16, 0.57, 0.079] [ 0.20, -0.61, 0.079]

The units of the pose are meters for the position and radians for the heading angle.
During the docking maneuvers, the vessel encounters varying magnitudes of environ-
mental disturbances. Four distinct test scenarios are evaluated for each controller
configuration, as detailed in Table 3.2, where the variance parameters define the
bounds of stochastic wind gusts. To eliminate stochastic bias and ensure fair bench-
marking, a fixed random seed enforces identical environmental conditions across
comparative evaluation runs. This approach isolates performance metrics from en-
vironmental variability. Furthermore, the angle of attack for the wind is constant
at 240 degrees and the wave period is 2 seconds. Note that all scenarios still have
sensor noise, model error, etc.

Table 3.2: Environmental Parameters by Scenario

Wind mean [m/s] Wind Variance [m/s] Waves [m]

Scenario 1 0.0 0.0 0.0
Scenario 2 4.0 1.5 0.5
Scenario 3 7.0 5.0 1.5
Scenario 4 11.0 4.0 0.0
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Results and Discussion

This chapter presents the controller testing results, along with the parameter es-
timations for the hydrodynamical and motor models. It also comments on these
results and estimations.

4.1 System Identification
This section presents the data from each system identification experiment along-
side the estimated parameter values. Section 3.2 details the experimental setup,
objectives, and calculation methods used for parameter estimation.

Due to time limitations, physical testing on the actual ferry was not possible; conse-
quently, all experimental data are collected via simulated sensors in VRX. However,
all tests and parameter estimation methods are fully compatible with real-world
ferry data.

4.1.1 Estimating the Dampening Parameters
Figures 4.1, 4.2, and 4.3 display the data logged from VRX for Experiments 1, 2, and
3. Several data series are overlaid in the figures. The yaw acceleration in Figure 4.3
is derived from the yaw rate, as discussed in Section 3.2.5.1.

Figures 4.4, 4.5, and 4.6 plot this data and the fitted polynomials. For each exper-
iment, the system uses two fits: a linear fit for the controller and a quadratic fit
for estimating motor forces. For surge and yaw rate, the weighted fits are preferred
because the unweighted ones fail to match data points accurately at high surge or
yaw rates. Conversely, for sway, the unweighted fits are selected. This choice is
made because sway data becomes less reliable at higher values, and the controller
primarily operates at lower sways. Based on these considerations and the graphs
in Figure 4.5, the unweighted fits perform better. Table 4.1 presents all estimated
parameters alongside the ground truth parameters used by VRX.

4.1.1.1 Comments on the Inaccuracy of the Estimations

As Table 4.1 shows, the estimated quadratic parameters do not perfectly match the
VRX parameters. There are a few reasons for this discrepancy. First, the range of
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Table 4.1: Estimated parameters for the dampening in the hydrodynamical model
along with the ground truth parameters used by VRX

Dampening
Parameter

Estimated linear
parameter

Estimated quadratic
parameter

Quadratic parameter
used by VRX

Xu
-124
(with weights)

[-122, -4.34]
(with weights) [-50, -150]

Yr
-81.8
(without weights)

[-34.8, -104]
(without weights) [-100, -150]

Nr
-736
(with weights)

[-652, -162]
(with weights) [-800, -800]

surges, sways, and yaw rates is quite low. This limitation primarily affects the yaw
rate, which peaks just under 0.8 rad/s in the estimation data. At low values, the
quadratic term becomes inherently difficult to detect as it becomes small. Second,
the data contains significant noise, which is discussed further in the next paragraph.
Finally, in noisy data, the curvature produced by the quadratic term is hard to
isolate. As a result, the linear term absorbs the added value from the quadratic
term, incorrectly inflating the linear estimate.

4.1.1.2 Comments on the Oscillations in the Data

Oscillations plague the data from Experiments 1 and 2 after the motors turn on
or off, as Figures 4.1, 4.2, 4.4, and 4.5 illustrate. This issue likely occurs because
the water’s dampening force acts below the pitch and roll rotation axes. When the
motors deactivate, the ferry’s inertia causes it to lean forward, inducing a pitch or
roll oscillation depending on initial direction of travel.

Initially, this effect was most prominent in Experiment 1. To mitigate it, the motors
gradually powers down between 0.6s to 0.9s for different runs instead of instanta-
neously, which significantly reduced the problem. Rerunning Experiment 2 is un-
necessary because the dampening parameter is fine-tunable using the method from
Section 3.2.5, and the force-sway data in Figure 4.5 remains clear enough within the
controller’s operating range.
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Figure 4.1: Raw surge and surge acceleration data from six runs of Experiment 1.

Figure 4.2: Raw sway and sway acceleration data from four runs of Experiment 2.

Figure 4.3: Raw yaw rate and calculated yaw acceleration data from four runs
of Experiment 3. The data series in this plot has been shifted in time for better
visualization.
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Figure 4.4: Different fits to force-surge data from Experiment 1

Figure 4.5: Different fits to force-sway data from Experiment 2

Figure 4.6: Different fits to moment-yaw rate data from Experiment 3

4.1.2 Estimating the Force Produced by the Motors
Figures 4.7, 4.8, and 4.9 display the raw data from three of the four runs in Experi-
ment four. The experimental procedure varies slightly between runs to gather more
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data points. The run shown in Figure 4.9 operates in reverse because it was in-
tended to create a separate fit for reverse motor force. However, because it is nearly
identical to the forward data, it is included in the main dataset instead. From this
data, the algorithm extracts three values at each acceleration peak: acceleration,
surge, and thrust command. Section 3.2.5.2 explains how to approximate the motor
force at each point using this data. Finally, Figure 4.10 plots a polynomial fitted to
these points. The fitted polynomial is

f(x, y) = −6.25x+ 0.547y + 41.1x2 + 0.0406xy − 0.0001y2, (4.1)

where x is the surge velocity, y is the requested force, and f(x, y) is the target thrust
command.

Figure 4.7: Raw data from one of the four runs of Experiment 4.
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Figure 4.8: Raw data from one of the four runs of Experiment 4, where more steps
were taken than was initially planned when the experiment was invented.

Figure 4.9: Raw data from one of the four runs of Experiment 4, when the ferry
was driving backwards instead.
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Figure 4.10: The black points are estimated from the Experiment 4 data. The
surface is the function estimated from the data. Lastly, the red points are points
taken at places in the data with zero acceleration as validation points. View 1 show
the graph with the origin in the foreground and the surface sloping upwards as it
moves away. View 2 instead, has the origin in the background and the surface is
seen decreasing down toward zero as it approaches the origin. View 2 also indicates
that the surface is a good estimation of the points since it follows them quite well.

4.2 Subsystems

In this section, the test results of individual subsystems of the controller are pre-
sented.
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4.2.1 State-Estimator

The EKF performance was evaluated by comparing the estimated states against the
VRX ground truth positions and orientations during a docking sequence.

Estimator vs Ground Truth
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Figure 4.11: The estimated states versus ground truth value during dock-
ing Sequence 1, Scenario 1. The initial position pose of the ferry is ηpose =
[39.2,−38.3, 0.99]

The ground-truth surge and sway velocities in Figure 4.11 were derived by differ-
entiating ground-truth position measurements and applying a heavy low-pass filter,
which introduced some lag. The estimator tracked the ground-truth positions E
and N closely. However, a small bias appeared, particularly at the beginning of
the trajectory, likely because the filter lacked sufficient time to converge before the
sequence began. Furthermore, because the kinematic model in the EKF omitted the
ferry’s dynamics, its process model predictions were prone to error. Nevertheless,
because the measurements remained high quality, these model mismatches did not
severely degrade the state estimates.

4.2.2 Path-Planner

In Scenario 1, the Path-Planner produces the path shown in Figures 4.12 and 4.13.
The simplicity of this path makes the planner highly robust. The algorithm consis-
tently generates a viable path; however, it does not account for obstacles like other
vessels or docks.
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Figure 4.12: The planned path in Scenario 1 with each planned state plotted
separately.
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Figure 4.13: The planned path in Scenario 1 from a top view.

4.2.3 LQR

The LQR was evaluated to ensure proper functionality through a step response test,
as shown in Figure 4.14.

0 10 20 30 40 50

40

42

44

E
 [

m
]

Pose step response

Estimated

Reference

0 10 20 30 40 50

-38

-36

N
 [

m
]

0 10 20 30 40 50

Time [s]

40
45
50
55

(a) Step response of the LQR for the
crucial docking states ηpose.

0 10 20 30 40 50

0

500

1000

X
 [

N
]

Allocated forces and moments

0 10 20 30 40 50
-400

-200

0

Y
 [

N
]

0 10 20 30 40 50

Time [s]

-300

-200

-100

0

100

N
 [

N
m

]

(b) Allocated forces τcmd during the per-
formed step response.

Figure 4.14: Figure 4.14a shows a step performance carried out on the ferry in
VRX. The EKF estimated states are the blue lines. The dashed red lines denote
the reference. Figure 4.14b illustrates the forces that are delivered by the motors
via the Thrust-allocator.
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Based on Figure 4.14b, the controller responded aggressively to large position errors.
The ferry’s maximum surge thrust was 1200 N, placing the control output near its
saturation limit. Because the LQR was designed to correct rapid disturbances, op-
erational state errors are expected to remain small; therefore, an aggressive response
to large errors was an intentional design choice.

Figure 4.14a shows the east position converging smoothly to the reference. The
north position overshot slightly and converged to a steady-state error of approxi-
mately 0.4 m. While adding integral action on the pose states could have mitigated
this error, the primary objective of the LQR is to stabilize the ferry against rapid
disturbances rather than strictly follow the Path-Planner reference. However, in-
corporating integral action could be a beneficial addition for tracking the MPC
prediction, where detailed reference tracking is required.

The heading angle ψ converged to the reference without steady-state error, though
some overshoot occurred. This overshoot is attributed to dynamic coupling and the
ferry’s inertia during rotation.

4.3 Docking

The docking scenarios described in Section 3.5 were performed and evaluated. The
evaluation is mainly based on observations in the plots but also the pose error at the
docking station. A successful docking pose is defined as a position error of less than
2.0 meters, and a heading error of less than 30 degrees. These relatively relaxed
limits are motivated by the fact that in the real situation, Celia One is supposed to
dock in-between two Y-booms.

4.3.1 Sequence 1: Scenario 1

The docking was performed without environmental disturbances shown in Fig-
ures 4.15 to 4.19.
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(a) MPC controller only.
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(b) MPC and LQR controller.

Figure 4.15: Bird’s-eye view of docking Sequence 1: Scenario 1. The ferry tra-
jectory (blue) is the estimated path traversed by the ferry. The planned trajectory,
denoted by the dashed red line, is the Path-Planner reference. The ground truth
is the true position according to the VRX environment. The twist point (green) is
where the ferry rotates into position to reverse into the dock.
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(a) MPC controller only.
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(b) MPC and LQR controller.

Figure 4.16: A comparison of the two different controllers tracking the reference
during the docking sequence. The state estimate (blue) is the EKF filtered mea-
surement. The red line is the Path-Planner reference. The horizontal axis denotes
time.
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Figure 4.17: A comparison of the forces and moments that the controller desires
versus the forces and moments the Thrust-Allocator is able to realize. The blue
lines denote τcmd and the red ones denote τdes.
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Figure 4.18: Thrust and rudder angle commands based on the allocated forces and
moments. The rudder angles and motor forces are computed directly by the Thrust-
Allocator from Chapter 3.3.8. The thrust commands applied, Fi, are computed from
the motor forces using Equation 3.30.
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Figure 4.19: Illustration of the ratio of controller contribution in τdes in the case
where both controllers are used.

In Figure 4.16, the ψ and r plots illustrate the controllers ability to impose rotation.
From the initial state of the trajectory, the ferry rotates to align with the green
twist point shown in Figure 4.15. From the surge plot, the ferry performs the first
rotation while moving. Once the green twist point is reached, the ferry performs a
stationary rotation until the ferry heading locks with the docking station. The ferry
then proceeds to reverse to its final docking position.

Figure 4.15 demonstrates that adding the LQR disturbance rejection controller does
not visually improve the trajectory. This outcome is expected, as the scenario
lacks wind and waves, providing ideal environmental conditions suited for the low-
frequency MPC. Additionally, the first three plots in Figures 4.16a and 4.16b display
the pose ηpose. Both controllers successfully dock the ferry at the desired (E,N)
coordinates and heading angle.

The figures confirm accurate position tracking. The heading angle ψ tracks its
reference but converges slowly. Figure 4.18a confirm that the commanded yaw
moment N is not saturating, thus the bottleneck is not actuator authority. Instead,
the issue lies within the cost function tuning. The weight on yaw-rate, r, in Q and
Pf is low, so the optimizer has little incentive to command the aggressive torque
needed to overcome the ferry’s rotational inertia Iz and hydrodynamic damping
Nr. The weight for ψ is large in Pf . However, the 10-second lookahead (horizon
Nhorizon = 50 at 0.2-second steps) implies that the MPC can satisfy the terminal
cost of ψ with modestly sustained r. Ultimately, this slow convergence and poor
yaw-rate tracking reflect a deliberate design trade-off to prioritize position tracking.
The primary objective is safe docking, for that it is more important to track position
accurately than heading.

Regarding sway, the Path-Planner generates surge and heading references but sets
the sway reference strictly to zero. Despite this, the controller utilizes nonzero sway
when it minimizes the overall cost, as the cost function does not heavily penalize
sway. This behavior represents an expected optimization outcome, not a tracking
failure.

Figures 4.17a and 4.37b demonstrate that the requested forces and moments of the
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controller remain feasible for the actuators. The error,

τerror = τdes − τcmd ≈ 0 (4.2)

throughout most of the trajectory. This result is crucial because neither the MPC
nor the LQR models account for thruster dynamics. The MPC restricts the output
so that τmpc ≤ τmax and uses the penalty matrix S to suppress large changes in
the control signal. However, it is completely unaware of the rudder angular velocity
limits. Consequently, the MPC might request an infeasible sway force Y , that the
actuators don’t have the physical capabilities to address. Generating sway force
requires nonzero rudder angles, and the MPC might sometimes request sway force
that exceeds the corresponding rudder velocity limit. Both figures highlight this
limitation around t ≈ 75, where τerror ̸= 0. If τerror remains large for extended
periods, it suggests that the Thrust-Allocator consistently saturates. Consistent
saturation would imply that the process model is suboptimal given the limitation
of the Thrust-Allocator or that the desired trajectory is infeasible due to a large
amount of disturbances. One solution would be to integrate the Thrust-Allocator
directly into the MPC process model with its inherent constraints. This would
result in a more consistently feasible MPC solution, as the MPC would optimize
for a solution that accounts for the actuator limits. The current MPC accounts for
maximum forces and moments, but does not know how fast the rudder angles can
physically change. The downside of doing this is that it is not aligned with the
controller’s architectural philosophy of being modular, as discussed in Section 3.3.

Figures 4.18a and 4.38b illustrate the actual actuator commands. During the initial
twist segment (t ∈ [0, 20]), the ferry does not rotate in place. Instead, it applies
differential thrust (F1 > 0 > F2). Because F1 ̸= −F2, the ferry translates and
rotates simultaneously. The nonzero rudder angles further induce sway translation.
This combination allows the ferry to track position (E, N) and heading concurrently,
proving the Thrust-Allocator functions correctly.

Figure 4.19 demonstrates the percentage of control effort provided by each compo-
nent of the MPC-LQR controller. As intended, the MPC is the dominant controller.
At t ≈ 98 s the ferry is already stationary at the dock and has completed the trajec-
tory. The LQR ratio increases during this point to maintain position. However, the
reference during this time remains constant. The increased ratio of the LQR can be
explained by the LQR over-reacting to noise in the measurements.

4.3.2 Sequence 1: Scenario 2

This scenario introduces wind and wave disturbances. The experiment sets the mean
wind speed to 4 m/s with a variance of 1.5 m/s, and a wave amplitude of 0.5 meters.
This is shown in Figures 4.20 to 4.24.
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Figure 4.20: Bird’s-eye view of docking (Sequence 1, Scenario 2).
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(b) MPC and LQR controller.

Figure 4.21: A comparison of the two different controllers tracking the reference
during the docking sequence.
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(a) MPC controller only.
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Figure 4.22: A comparison of the forces and moments that the controller desires
versus the forces and moments the Thrust-Allocator is able to realize.
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(a) MPC controller only.
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Figure 4.23: Thrust and rudder angle commands for the MPC and MPC-LQR
controller respectively.
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Figure 4.24: Illustration of the ratio of controller contribution in τdes in the case
where both controllers are used.
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Figures 4.20a and 4.20b demonstrate how wind and wave disturbances affect the
trajectory of the ferry. The disturbances are causing the ferry to slightly oscillate
around its reference. However, the ferry successfully completes the docking sequence
using both control structures.

In Figures 4.21a and 4.21b, the surge and sway plots further emphasizes the oscilla-
tion caused by disturbances. The oscillation seems to be periodic, suggesting that
this effect is mainly driven by the waves.

In Figures 4.22a and 4.22b it becomes evident that the controllers are trying to
compensate for the oscillation caused by waves, but it is difficult for the Thrust-
Allocator to provide the correct response in Y due to saturation. In Figures 4.23a
and 4.23b, the motor thrust Fi and rudder angles are trying to compensate by
oscillating back and forth.

Figure 4.24 illustrates a similar pattern to the disturbance free scenario displayed
in 4.19. The reason for this is that while the LQR provides a larger magnitude of
desired forces and moments, so does the MPC. That is, from Equation 3.61, both
τmpc and τlqr increases in magnitude, but their proportions stay approximately the
same.

4.3.3 Sequence 1: Scenario 3

The docking-sequence is performed with a wind velocity mean of 7 meters per second
with a variance of 5. The wave amplitude is set to 1.5 meters. The results are shown
in Figures 4.25 to 4.29.
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(a) MPC controller only.
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Figure 4.25: Bird’s-eye view of docking (Sequence 1, Scenario 3).
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(b) MPC and LQR controller.

Figure 4.26: A comparison of the two different controllers tracking the reference
during the docking sequence (Sequence 1, Scenario 3).
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(a) MPC controller only.
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Figure 4.27: A comparison of the forces and moments that the controller desires
versus the forces and moments the Thrust-Allocator is able to realize.

Motor Commands and Rudder Angles

0 20 40 60 80 100

t [s]

-200

-100

0

100

200

F
1

0 20 40 60 80 100

t [s]

-200

-100

0

100

200

F
2

0 20 40 60 80 100

t [s]

-50

0

50

1
 [

d
eg

]

0 20 40 60 80 100

t [s]

-50

0

50

2
 [

d
eg

]

(a) MPC controller only.
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Figure 4.28: Thrust and rudder angle commands for the MPC and MPC-LQR
controller respectively.
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Figure 4.29: Illustration of the ratio of controller contribution in τdes in the case
where both controllers are used.
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Figure 4.25 demonstrates that intense disturbances severely challenge the desired
docking trajectory. Figure 4.27 indicate that the large oscillation caused by the
waves are significantly saturating the actuators in both control-structures. The
waves and wind cause positional drift, resulting in infeasible requests for sway-force
Y . From Figure 4.28 the rudder angles are consistently oscillating, trying to provide
the desired sway-force Y , but falters. From Figures 4.26a and 4.26b the ferry still
manages the docking with a correct pose. So even though the controller is heavily
saturated, the mission is a success for both controllers.

Figure 4.29 shows a similar oscillating behavior. When the waves cause translation
motion of the ferry, the ferry also drifts from the MPC prediction. The LQR re-
sponds with increasing its control authority. This displays that the LQR is doing
exactly what it is intended to do.

4.3.4 Sequence 1: Scenario 4

The docking-sequence is performed with a wind velocity mean of 11 meters per
second with a variance of 4. The wave amplitude is set to 0 meters. The results are
shown in Figures 4.30 to 4.34.
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(a) MPC controller only.

-10 0 10 20 30 40 50

East [m]

-40

-35

-30

-25

-20

-15

-10

-5

0

N
o
rt

h
 [

m
]

Docking Trajectory (ENU)

Ferry trajectory

Planned trajectory

Ground truth

Start

Twist point

Docking station

(b) MPC and LQR controller.

Figure 4.30: Bird’s-eye view of docking (Sequence 1, Scenario 4).
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Figure 4.31: A comparison of the two different controllers tracking the reference
during the docking sequence (Sequence 1, Scenario 4).
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(a) MPC controller only.
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Figure 4.32: A comparison of the forces and moments that the controller desires
versus the forces and moments the Thrust-Allocator is able to realize.
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Figure 4.33: Thrust and rudder angle commands for the MPC and MPC-LQR
controller respectively.
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Figure 4.34: Illustration of the ratio of controller contribution in τdes in the case
where both controllers are used.
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4. Results and Discussion

From Figures 4.30 and 4.31 both controllers perform a very similar trajectory. Both
controllers manage to dock the ferry at the correct position with a heading error of
less than 30 degrees.

From Figure 4.32a the desired forces and moments in Y are no longer oscillating as
in the scenarios with waves. This is also visible in Figure 4.32b, where the motors
and rudder angles no longer have to oscillate to compensate for the drift caused by
waves. However, in the time interval t ∈ [13, 27] the controller is saturating. In
the same interval in the no-disturbance case (see Figure 4.17), the magnitude of
τdes is significantly smaller. This suggest that the wind-disturbance is significantly
challenging the capabilities of the ferry.

4.3.5 Sequence 2: Scenario 1

The docking was sequence was carried out from the second starting point. The
scenario is carried out without disturbances from wind or waves. The results are
shown in Figures 4.35 to 4.39.
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Figure 4.35: Bird’s-eye view of docking from the second start position (Sequence
2: Scenario 1).
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(b) MPC and LQR controller.

Figure 4.36: A comparison of the two different controllers tracking the reference
during the docking sequence (Sequence 2: Scenario 1).
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(b) MPC and LQR controller.

Figure 4.37: A comparison of the forces and moments that the controller desires
versus the forces and moments the Thrust-Allocator is able to realize.
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Figure 4.38: Thrust and rudder angle commands for the MPC and MPC-LQR
controller respectively.
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Figure 4.39: Illustration of the ratio of controller contribution in τdes in the case
where both controllers are used.
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4. Results and Discussion

Figures 4.35, 4.36, 4.37, and 4.38 illustrate a successful docking sequence for both
controllers. The final heading for the MPC-LQR controller is slightly more accurate,
but the difference is only a degree or two. The controller ratio from Figure 4.39 is
close to identical to that of Figure 4.19.

4.3.6 Sequence 2: Scenario 2

This scenario introduces wind and wave disturbances. The experiment sets the mean
wind speed to 4 m/s with a variance of 1.5 m/s, and a wave amplitude of 0.5 meters.
The results are shown in Figures 4.40 to 4.44.
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Figure 4.40: Bird’s-eye view of docking (Sequence 2: Scenario 2).
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Figure 4.41: A comparison of the two different controllers tracking the reference
during the docking sequence (Sequence 2: Scenario 2).
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Figure 4.42: A comparison of the forces and moments that the controller desires
versus the forces and moments the Thrust-Allocator is able to realize.
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Figure 4.43: Thrust and rudder angle commands for the MPC and MPC-LQR
controller respectively.
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Figure 4.44: Illustration of the ratio of controller contribution in τdes in the case
where both controllers are used.
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4. Results and Discussion

Figure 4.40 shows that both controllers manage to reach the correct docking position.
From 4.41 both controllers reach the docking position at approximately t = 100. At
this point the heading error is smaller for the pure MPC controller. In the interval,
t = [100, 110], the MPC-LQR controller makes small adjustments in the heading to
compensate for the small initial misalignment. This correction is also seen in Figure
4.44, where the control-ratio of the LQR is increased in this interval. Thus, the
MPC-LQR controller is compensating its heading angle at the dock position, while
the MPC had a better heading at the time of arrival at the dock. However, heading
error at arrival to the dock is less than 15 degrees for both controllers, meaning
success in for both controllers. Figures 4.42 and 4.43 tell a similar story to that of
their respective counterparts of Sequence 1: Scenario 2.

4.3.7 Sequence 2: Scenario 3

The docking-sequence is performed with a wind velocity mean of 7 meters per second
with a variance of 5. The wave amplitude is set to 1.5 meters. The results are shown
in Figures 4.45 to 4.49.
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Figure 4.45: Bird’s-eye view of docking (Sequence 2: Scenario 3).
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Figure 4.46: A comparison of the two different controllers tracking the reference
during the docking sequence (Sequence 2: Scenario 3).
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(a) MPC controller only.
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(b) MPC and LQR controller.

Figure 4.47: A comparison of the forces and moments that the controller desires
versus the forces and moments the Thrust-Allocator is able to realize.
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Figure 4.48: Thrust and rudder angle commands for the MPC and MPC-LQR
controller respectively.
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Figure 4.49: Illustration of the ratio of controller contribution in τdes in the case
where both controllers are used.
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4. Results and Discussion

Figures 4.45 and 4.46 demonstrate that both controllers reach the correct docking
position. For both control-structures, the ferry arrives at the dock at t = 105 s. At
the time of arrival, the pure MPC has a heading error of approximately 70 degrees.
For the MPC-LQR control structure, the heading error is approximately 45 degrees.
These are rather large errors, thus both docking attempts of the ferry are deemed
unsuccessful, but the MPC-LQR solution is performing better.

In this scenario, the wave amplitude is constant but the wind variance is large. At
low velocities, hydrodynamic damping is minimal, so the ferry is more susceptible
to wind-induced drift and rotation. From Figure 4.46, the ferry reaches the twist
point at t = 70 s, and the yaw-rate plot shows the ferry attempting to rotate against
the disturbances. The same disturbance profile is applied in Section 4.3.3, but with
a different reference heading. Figure 4.26 demands a counter-clockwise rotation,
while Figure 4.46 demands a clockwise rotation. Since the wind direction is fixed,
the wind moment opposes the clockwise rotation, requiring larger compensating yaw
moments from the controller. This is visible in Figure 4.47a and Figure 4.47b during
the rotation interval t ∈ [70, 80], the desired moment N shows larger peaks than in
the counter-clockwise case (Figure 4.27a).

From Figure 4.47 it is evident that both controllers are saturating in the time in-
terval t ∈ [70, 80]. Especially in the sway force Y . However, in contrast to the
results in Figure 4.27, the Thrust-Allocator also saturates in yaw moment N during
this interval. Neither controller can generate the commanded forces and moments,
resulting in an inaccurate heading angle at the dock. Figure 4.48 also shows that
the azimuth angle φ1 saturates at its maximum of 45 degrees during this interval,
further limiting the Thrust-Allocator’s ability to direct force where it is needed.

From Figure 4.49 shows how the LQR responds to waves. It looks very similar to
Figure 4.29

4.3.8 Sequence 2: Scenario 4

The docking-sequence is performed with a wind velocity mean of 11 meters per sec-
ond with a variance of 4. There are no waves. The results are shown in Figures 4.50a
to 4.54.
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Figure 4.50: Bird’s-eye view of docking (Sequence 2, Scenario 4).
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Figure 4.51: A comparison of the two different controllers tracking the reference
during the docking sequence (Sequence 2, Scenario 4).
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(a) MPC controller only.
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(b) MPC and LQR controller.

Figure 4.52: A comparison of the forces and moments that the controller desires
versus the forces and moments the Thrust-Allocator is able to realize.
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(a) MPC controller only.
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(b) MPC and LQR controller.

Figure 4.53: Thrust and rudder angle commands for the MPC and MPC-LQR
controller respectively.
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Figure 4.54: Illustration of the ratio of controller contribution in τdes in the case
where both controllers are used.
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From Figures 4.50a and 4.50b both control structures reaches the docking position
within a small error. The MPC-LQR controller is slightly more accurate in its
final position. From Figure 4.51a the pure MPC reaches the dock with a error of
approximately 1 meters in the north axis. The heading error at arrival for the pure
MPC controller is approximately 80 degrees. The ferry should start reversing at
t = 80 s. However, in the surge plot the speed briefly drops below 0, and then
stays around zero during the segment. From the sway plot, it is instead observed
that the ferry drifts sideways. This means that during the rotation segment, a wind
gust hits the entire side-surface of the ferry, meaning that the wind-force is at its
maximum. In turn this interrupts the rotation segments and just carries the ferry
sideways. Furthermore, since the ferry is close to zero velocity at the twist point,
there is almost no damping at the time when the wind hits. During the drift, the
ferry is able to rotate slightly, but is unable to correct the large heading error before
reaching the docking position.

From Figure 4.51b the MPC-LQR controller still manages to follow the surge ref-
erence with small errors meaning that the ferry successfully pulls of the intended
reverse maneuver. The wind still hits at the same time instance and results in sway
velocity, but the ferry still accurate tracks the desired position. In terms of final
heading angle, the MPC-LQR structure arrives at the dock-station with a heading
error of less than 30 degrees. Thus, the MPC-LQR controller successfully docks the
ferry, while the pure MPC-controller falters.

The difference of how the controllers handle the reverse segment in the time interval,
t ∈ [80, 100], can also be seen in Figures 4.53a and 4.53b. The motor commands F1
and F2 completely saturates for the pure MPC controller, while only F2 saturates for
the MPC-LQR controller. The MPC has feedback, and solves for an optimal control
sequence given its internal dynamics. But this control sequence is only optimal for
its specific process model. The MPC is unaware of the large wind-disturbance and is
linearized at its initial state. The control sequence is based on what the MPC thinks
is optimal input at each horizon-step to reach the terminal state. But since the MPC
does not account for the wind this control sequence is optimal given the linearized
process model, but suboptimal given the true nonlinear plant. The result is bias
in the applied control input. In the MPC-LQR controller, the LQR is handling
this unmodeled disturbance with its higher frequency feedback. The LQR tracks
the MPC prediction, thus it compensates for the model error of the MPC plant
model. That is, the MPC generates good predictions given known dynamics, but it
is unable to generate an optimal control sequence given the true plant of the system
that would contain the force asserted by the wind. The LQR corrects for this at a
high frequency, resulting in a more effective trajectory.
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4.3.9 Summary of Docking Results

Table 4.2: Docking Performance of the MPC controller for Sequence 1.

Scenario Pos Error Heading Error Pos OK Heading OK Docking OK
Scenario 1 0.16m 1.03◦ Yes Yes Yes
Scenario 2 0.30m 0.68◦ Yes Yes Yes
Scenario 3 1.98m 12.57◦ Yes Yes Yes
Scenario 4 0.82m 27.28◦ Yes Yes Yes

Table 4.3: Docking Performance of the MPC-LQR controller for Sequence 1.

Scenario Pos Error Heading Error Pos OK Heading OK Docking OK
Scenario 1 0.19m 1.04◦ Yes Yes Yes
Scenario 2 0.38m 2.19◦ Yes Yes Yes
Scenario 3 1.30m 0.86◦ Yes Yes Yes
Scenario 4 0.70m 26.44◦ Yes Yes Yes

Table 4.4: Docking Performance of the MPC controller for Sequence 2.

Scenario Pos Error Heading Error Pos OK Heading OK Docking OK
Scenario 1 0.13m 2.59◦ Yes Yes Yes
Scenario 2 0.88m 12.16◦ Yes Yes Yes
Scenario 3 0.90m 83.23◦ Yes No No
Scenario 4 0.84m 73.54◦ Yes No No

Table 4.5: Docking Performance of the MPC-LQR controller for Sequence 2.

Scenario Pos Error Heading Error Pos OK Heading OK Docking OK
Scenario 1 0.22m 0.2◦ Yes Yes Yes
Scenario 2 0.03m 10.26◦ Yes Yes Yes
Scenario 3 0.84m 56.97◦ Yes No No
Scenario 4 0.49m 29.13◦ Yes Yes Yes
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From the docking results, both control structures successfully dock the ferry in low-
disturbance scenarios. From Tables 4.3 - 4.5, it is evident that as disturbances
levels increase, the MPC-LQR controller consistently outperforms its pure MPC
counterpart. The additional feedback provided by the LQR thus successfully corrects
the state deviations caused by unmodeled disturbances and linearization errors,
resulting in improved docking performance.

In scenarios with both high-wind and wave disturbances, both controllers struggle
due to the unmodeled disturbances and actuator saturation. In reality, this would
not be a problem, as the operating waters of the Celia One will generally be calm.
For Sequence 2: Scenario 4, where the disturbance is strictly wind, the unmodeled
wind forces creates a large model mismatch between the linearized plant and the
true nonlinear plant. Consequently, the MPC is optimizing for a sequence of control
inputs that are suboptimal given the true plant. From Figure 4.52 the Thrust-
Allocator has no issues with consistent saturation for neither controller. Thus,
the problem is not actuator saturation, but rather that the MPC is requesting
suboptimal forces and moments τmpc given the true dynamics. The fast feedback
from the LQR partially solves this mismatch, and results in a successful docking
sequence.

5.1 Future Work

This section consists of two parts. The first part describes how to refine and upgrade
the aspects within the current project. The second part focuses on other factors
beyond the scope of this project that are good or vital for CStrider to dock Celia
One and future ferries reliably.

5.1.1 Within This Project

This section is divided into future work for the modeling of the ferry and for the
controller.
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5.1.1.1 Modeling

Due to time constraints, the hydrodynamical model was never fine-tuned. This
should be done by running Experiment 6 and use this data in the procedure explained
in Section 3.2.5. This also serves as model validation, that has only been done
implicitly through full system docking tests in this project.

Because the controller was implemented in simulation, the angle and angular ve-
locity constraints on Celia One’s physical motors were approximated, but never
accurately measured. This has to be done by running Experiment 5 before physical
implementation.

VRX supports custom boat and hydrodynamical models. This makes it possible to
import a 3D model of Celia One alongside parameters that match its hydrodynamical
characteristics. Utilizing this feature will greatly simplify the process of tuning the
controller for Celia One.

5.1.1.2 Controller

This controller is considered a proof of concept and is currently tuned for the WAMV
instead of Celia One. Because of this, accurate and precise tuning was not priori-
tized. Though hard to quantify, fine tuning the controller should yield performance
improvements.

The State-Estimator would improve if the hydrodynamical maneuvering model was
implemented as process model of the EKF instead of the simplified kinematic model
presented in Section 3.3.2. For Celia One this is not a problem since the installed
INU provides an effective internal filter. But in the VRX simulation environment, an
improved EKF filter that uses the nonlinear hydrodynamical model as plant would
increase the accuracy of the predictions, improving the states estimates.

The control-algorithm does not currently account for any static or dynamic obstacles
in the environment. In order to safely traverse urban water-ways and harbors, a map
of static obstacles should exist, such that the planned-path never causes immediate
danger to Celia One nor its passengers. This would mean that the Path-Planner
would have to be reworked in order to account for this map of obstacles.

Dynamic obstacles pose serious challenges in urban water-ways. Examples of dy-
namic obstacles are moving objects in the water. Celia One has to traverse its path
such that there is no collision risk. In order to implement, it is no longer sufficient
to only rely on an IMU and a GNSS. The ferry’s other sensors, such as its cameras
and radars, would have to be used. Depending on the measurements, the planned
path of the CStrider ferry would have to change dynamically. This can ether be
done by adding additional terms to the MPC cost-function that heavily penalizes
positions in proximity of the dynamic obstacles or by adding hard constraints.

In order to be able to react to dynamic obstacles, the controller would need a larger
headroom for path-planning. This would mean that the horizon length in time would
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have to be larger. Long horizons allow the controller to carefully evaluate and plan
the path-ahead, while remaining conservative in its control effort in order to avoid
the obstacles. Since the uncondensed form MPC is substantially expensive for long
horizons, the MPC should be redesigned to reduce complexity and thus allow for
long horizons.

The actuator signals should be low-pass filtered before being sent to the motors in
order to remove high frequent vibrations to reduce actuator degradation and stress.
This would have to be designed such that the signal is smooth, but that the signal
does not lag behind.

Currently, the controller is implemented in Python, and its compatibility with Celia
One’s main computer remains untested. If it proves incompatible, the controller
must be rewritten in another language, or a secondary Python-capable computer
must be installed and connected to the sensor and actuator network.

5.1.2 Not Within the Project
A significant challenge for Celia One and future CStrider ferries is the varying weight
and position of passengers. For a ferry weighing approximately 3,500 kg, 12 passen-
gers increase the total weight by nearly 30%. This weight shift changes the moment
of inertia and the yaw rotation axis, especially when passengers stand and move aft
during the docking procedure. While feedback mechanisms might compensate for
these disturbances, calculating the exact moment of inertia for a real-life ferry is
difficult. Therefore, developing a live parameter estimation system would be benefi-
cial. Though, this should not be done before evaluating the effectiveness of feedback
in compensating for this.

Another challenge involves sudden environmental disturbances. A ferry operating
in a river or canal might dock behind a pier or breakwater that shelters it from
wind and currents. However, once it leaves this cover, it encounters these forces
simultaneously. To address this, the system can estimate and map disturbance
forces at specific coordinates. This enables the ferry to preemptively compensate
for disturbances based on its recent disturbance interactions in the same area.
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