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The primary objective of a Dynamic Positioning (DP) controller is to maintain vessel position under varying
environmental disturbances, while minimizing thruster usage. This work presents the development of an
innovative energy-efficient DP controller, named Green NMPC (GNMPC), which minimizes thruster demand
while upholding position constraints. Inspired from the structure of the economic nonlinear model predictive
controller (ENMPC), GNMPC aligns with "green" objectives and performance metrics, notably thruster energy
efficiency. Extensive DP tests were conducted across a spectrum of wave conditions, including head seas,
oblique angles, and large position set-point changes, to validate the efficacy of the GNMPC approach and eval-
uate the dynamic positioning system’s effectiveness in diverse challenging situations. The results demonstrated
that the proposed controller is energy efficient compared to a benchmark NMPC and proportional-integral—
derivative (PID) controller. It successfully reduced thruster demand in the sway direction compared to NMPC
while preserving the vessel’s positioning objectives.

1. Introduction

A dynamic positioning (DP) system keeps a ship at a designated
position and desired heading using its thrusters (Fossen, 2002). DP
technology is crucial in various applications, such as exploring deep-
sea petroleum resources, off-shore supply operations, off-shore survey
applications, etc. Accuracy, precision, and energy efficiency are key
factors when designing and developing a DP system. In earlier stud-
ies, the main focus was on the accuracy and precision of the con-
troller (Sorensen et al., 2002; Fannemel, 2008). In recent years, there
has been a significant discussion on developing solutions prioritizing
high efficiency and low carbon emissions. Improving efficiency within
the DP system reduces carbon emissions during operation and mitigates
the overall stress of components, enhancing their longevity. This study
aims to implement and test popular DP control strategies, including one
newly proposed energy-efficient DP controller, to compare performance
and evaluate the efficiency and frequency of thruster movements.

The first DP systems developed in the 1960s used the standard
proportional, inertial, derivative (PID) controllers for horizontal motion
(surge, sway, and yaw). Tuning the gains of the PID controller to
perform under various sea states is challenging. Various approaches
have been reported in the literature for tuning PID controllers for
DP. In a recent study, authors in Xu et al. (2020) proposed a fuzzy
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rule based PID controller for DP applications, where the controller
gains were obtained through fuzzy inference. Grimble et al. (1980),
Balchen et al. (1980), Saelid et al. (1983). Following the PID based
DP controllers, more complex controllers based on modern control
theory were introduced to DP application. Authors in Grimble et al.
(1980), Balchen et al. (1980) proposed an optimal control theory based
DP controller with a Kalman filter based estimator to separate low
frequency and high frequency motion of the vessel due to disturbances.
Separating high and low frequency motions enabled the controllers to
apply control actions only for low frequency motions due to forces such
as wind, current and wave drift forces.

Another control strategy widely used in industry is model predictive
control (MPC). A key feature of MPC is its ability to handle nonlinear
and multi-input-multi-output system constraints. Early MPC-based DP
systems utilized a linearized model of the vessel. The nonlinear dynam-
ics of the vessel were linearized using the small angle theory (Wang,
2006). The vessel might deviate significantly from the operating point
in practical DP applications. Hence, the assumptions made during
linearization are violated, and the MPC might not provide the opti-
mal control. Recent studies have proposed nonlinear model predictive
controllers (NMPC) that utilize the vessel’s nonlinear dynamics without
linearization (Veksler et al., 2016; Du et al., 2016; Jayasiri et al., 2017).
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The control objectives of DP applications in literature have pri-
marily aimed at maintaining the desired position and heading of the
vessel. Continuously trying to correct the offset has often resulted
in control demand that is large, erratic, and shortens the thrusters’
life span. Several techniques have been proposed to minimize the
variations in control demands. One such technique is to isolate the
low frequency (LF) and high frequency (HF) motion of the vessel due
to effect of waves using Kalman filter techniques and apply control
based on the LF motion (Sgrensen, 2011). In the similar line of work
recently (Wei et al., 2022) proposed a control strategy called composite
hierarchical anti-disturbance control (CHADC) integrating stochastic
disturbance observer-based control (DOBC) theory, robust wave filter
(RWF) method with H-infinity control. Other approaches minimize
control demands artificially through imposing ramp rates, applying
move accumulation, or using hysteresis switching to minimize back and
forth switching of thrusters. An alternative approach is proposed by
Kongsberg Inc. called “Green DP”, which is an eco-conscious control
system. Their system is designed to address excessive thruster activity,
particularly in moderate environmental conditions, to decrease energy
consumption, and provide an environmentally friendly solution. The
Green DP controller has three main parts: the model predictive con-
troller, the position predictor, and the environmental compensator. The
system defines a working area inside the operational area, where the
vessel can drift within. These areas are incorporated in the constraints
and the cost function of the NMPC controller. The environmental
compensator generates smooth attractive force towards the desired
position, and the MPC generates more aggressive demands to prevent
predicted overshoots. The authors claim that the combination of envi-
ronmental compensator and MPC reduces dynamic thruster demands
compared to a standard DP system. Hvamb (2001).

In line with the Green DP, we have successfully developed a con-
troller whose structure is similar to an economic NMPC (ENMPC)
(Griine and Pannek, 2017). The developed controller does not incor-
porate the operational area in the constraints or in the cost function
directly. Instead, the weights of the economic NMPC are defined as
a function of the deviation from the desired position. Our achieve-
ment in building the controller has resulted in the reduction of DP’s
operational costs, particularly with regard to thruster demands, which
in turn mitigates thruster wear and tear. We have transitioned costs
related to an NMPC'’s setpoint tracking stage into economic costs within
the optimization layer of our ENMPC. The controller was tested in
a simulation environment and showed good promise (Alagili et al.,
2022).

Table 1 presents a compilation of key studies on DP that have
implemented various control strategies. Many studies have proposed
a single controller without comparative evaluation against alternative
controller types. Another observation is that most of the studies have
used simulations to validate and compare the performance of the
controllers. Very few experimental implementations of DP systems have
been reported in the literature, and most of the experiments have taken
place in open waters, mostly under calm conditions, where disturbances
cannot be controlled. In contrast, our work focuses on conducting
experiments in a controlled environment, allowing us to compare the
performance of different controllers under various wave conditions. We
seek to understand better how these controllers operate under specific
settings and assess their efficacy in real-world scenarios by carefully
controlling the experimental conditions.

This current research presents the implementation and experimental
validation of the GNMPC proposed in Alagili et al. (2022). Experimental
implementation of the controller poses many challenges: (i) the ac-
curacy of the mathematical model developed using the first principle
and 3D design was insufficient for the NMPC implementation. So, to
get the model’s parameters, we used system identification to get a
more accurate estimation of model parameters. (ii) implementation in
real-time requires a fast optimizer to solve the nonlinear minimization
problem. The optimizer needs to converge within the sampling interval,
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and (iii) data communication and implementation issues also need to
be sorted for the experimental implementation.

The performance of the GNMPC is compared with a PID based DP
controller and NMPC based DP controller. To the best of the authors’
knowledge, this is the first study that has experimentally compared the
performance of three different DP controllers under different sea con-
ditions. We tested each controller under four different sea conditions:
Sea with no waves (NW), regular waves (RW), irregular waves (IRW),
and white noise waves (WNW). We conducted three types of tests to
analyze the performance of the controllers properly: Station keeping in
head seas, station keeping at oblique angles, and large position setpoint
change.

The structure of this paper is as follows. The mathematical model of
the vessel used in the NMPC is described in Section 2. The formulation
of the GNMPC controller is discussed in Section 3. The experimental
setup and the implementation details of the wave filter, communica-
tion, and controller are presented in Section 4. Section 5 presents the
experimental results and comparison of the PID, NMPC, and GNMPC
controllers. Finally, the findings and conclusion of the experiments are
discussed in Section 6.

2. Mathematical modeling of vessel

A vessel floating freely in 3D space can move in six degrees of
freedom (DOF). Fig. 1 shows the 6 DOF of the vessel and coordinate
frames used in this paper. In DP applications, the main focus is to
control the three motions: surge, sway, and heading. Therefore, a
simplified vessel model with three DOF is defined as in Eq. (1), and
Eq. (3) (Jayasiri et al., 2017).

in=Jy)v. @

The 3DOF kinematics are shown in Eq. (1), where # = [x, y, w]7.
[x, y] is the horizontal position vector expressed in the inertial frame
W, and v is the heading of the vessel. The rotation matrix, J(y) € R>3,
defines the rotation between the inertial and body frames and can be
expressed as

cos(w) —sin(y) O
Jw)=| sin(w) cos(y) O |. 2
0 0 1

The body-fixed surge velocity, sway velocity, and yaw rate are repre-
sented by u, v, andr, respectively, and the body-fixed velocity vector is
defined as v = [u, v, r]7. The dynamics of the vessel are defined as
follows.

(Mgp+ MV + (Crp(v) + C4(v) + D)V =7, 3)

where Mgz € R and M, € R>3 are the inertia matrices represent-
ing rigid body mass and the hydrodynamic added-mass.

m 0 0

Mpp=[ 0 m mxg |, C)]
0 mxg Iy
-X; 0 0

My=[ 0 -y, -Y |, 6))

0 -N, -N,

where m is the mass of the ship, I, is the moment of inertia about the
z axis, and x; is the distance to the center of gravity of the ship along
the x axis of the body frame B.

Crp € R¥3 and C, € R are the rigid body Coriolis and centrifu-
gal components as well as added-mass derivatives corresponding to the
velocity coupling and can be defined as

0 0 —m(xgr + v)
Crp(Vv) = 0 0 mu s (6)
m(xgr+v) —mu 0
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Table 1

A summary of selected DP controllers reported in the literature.
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Reference Controller(s) Scope of study

Simulation Experiments Comparingcontrollers
Tannuri and Morishita (2006), Nguyen PID Yes No No
et al. (2007)
Brodtkorb et al. (2018), Alfheim et al. PID Yes Yes No
(2018)
Rabanal et al. (2016) PID, SMC Yes Yes Yes
Sotnikova and Veremey (2013) MPC Yes No No
Hou et al. (2022) Lag-MPC, Lag-NMPC Yes No Yes
Veksler et al. (2016),Du et al. (2016), NMPC Yes No No
Wang et al. (2012)
Hvamb (2001) NMPC No Yes No
Jayasiri et al. (2017) NMPC, PID Yes No Yes
Alagili et al. (2022) NMPC, GNMPC, PID Yes No Yes

z
(heave

(surge)

Fig. 1. The coordinate system of generic dynamic positioning vessel.

0 0 Y,v
C,(v) = 0 0 —Xu | @)
-Y,uv X,u 0

D(v) € R represents the energy dissipative terms (drag) due to
relative motion between the vessel and surrounding fluid. The drag
effects are nonlinear and can be divided into linear and nonlinear
components as D(v) = D; + Dy (v), where

X, 0 0
p,=| o -v, -v. | ®)
0 -N, -N,
Xyugulul 0 0 "
Dyym=| 0 —Xulol =Yl =Y lel =Yl | . ©
0 =Nyplol= Npplrl =Ny, lol = Ny Il

The forces applied to the vessel can be expressed as © = 7, + 7,
where 7, is the forces from the thrusters, and 7, is the force exerted
on the vessel by the ocean waves. The constants, m, xg, I,, X;, Y,
Y, NL'U N;, Xu’ Yw Y, Nw Ny, Xlu\u’ Ylulw er\u’ Ylu\r’ Y\r|r: N|u|w N|r|w
Nyyjrs Ny are vessel-specific constants, and they are identified through
system identification.

3. Green-NMPC theory
In this study we compare our energy efficient Green NMPC with

other traditional controllers. A detailed formulation of the Green NMPC
and simulation results are presented in Alagili et al. (2022). This

section presents a concise overview of the Green NMPC to enhance the
readability of the manuscript.

The continuous time dynamics of the vessel described in the pre-
vious section can be converted to a discrete time dynamic system as

Xier1 = (i 0)s (10)

where f is the nonlinear system dynamics with states, y = [47,vT]7,
and inputs v = 7. In practical applications, the states and the inputs
have constraints and the linear or nonlinear constraints can be defined
as

&tx-vp) < 0. an

The objective on NMPC is to determine the control actions v, that
minimize a cost function while satisfying the constraints given in (11).
The cost function of the proposed GNMPC comprises of the economic
cost function and the quadratic regularization term. The economic cost
function ¢ (y,vy), is defined as follows:

(pec()(k’vk) = Lx (Fx.k - Fx,kfl)z + Ly (Fy,k - Fy.,kfl)2

+ L, (Tw,k = Tyx-1 )2 12)

where, F,, F,, T,, are the thruster forces in surge and sway directions
and the torque for yaw rotation, respectively, and 7, = [FX,Fy,Tu,]T.
L, L, L, represent the weights associated with the control actions.
When the cost function is not strongly convex, a quadratic regular-
ization term is added to the cost function (Miller et al., 2010). The
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Fig. 2. Acceptable shape of weighting function for GNMPC.

regularization term has the following form:

@ Qo) = (34 — xr)2 T+ (v - Yr)z m+ (i — Wr)z 3, 13)

where x,,y,,y, are the reference position and heading, and = is the
weight matrix. The total stage cost function can be expressed as

(> 01) =0° (i ) + @™ (- vg)

=Lx (Fx,k - Fx,kfl)2 + Ly (Fy,k - Fy,kfl)2 + Lu/ (Ty/,k - Tl//,kfl)2

+ (- xr)2”1 + (v — Yr)zﬂz + (wk —Wr)2”3~
as

The formulation of the NMPC problem can be expressed as follows:
k+N
arg min L0,
g min ,‘;11 (). 0;)
subjected to 15)
Xj+1 = f(/YJw Uj),
g()(j,vj) <0, Vje€lkk+ N].

Weights used in the objective function play a critical role in shaping
the optimization objective. The weights L = [L, L, L, ] governs the
penalization of input variations, while = = [z; 7, 73] determines the
penalty for state errors. When a higher weight values are chosen for
a specific component, it results in a greater penalty for changes of the
corresponding component during optimization. This effectively steers
the optimizer towards minimizing the associated error or variations
in the control inputs. A traditional NMPC uses constant weight values
and the values are tuned for the best performance. However, the
proposed Green NMPC introduces variable weights in the cost function,
and the variable weights are specified to satisfy two key performance
requirements.

1: When the vessel is well within the safety limits, the main focus
of the controller is to reduce energy consumption.

2: When vessel approaches the safety limit the focus of the controller
shifts to maintaining the vessel at the set position.

When the vessel is well within the safety limits, the weights corre-
sponding to the surge and sway thruster forces are adjusted to a high
value. The higher weights force the optimizer to penalize variations
in the thruster forces. Therefore, when the vessel deviates from the
set point, the controller does not perform sudden thruster variations.
As a result, the overall thruster demands are greatly reduced, and this
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behavior allows the vessel to drift inside the safe operation zone instead
of closely maintaining the set point.

When the vessel is approaching the safety limits, the weights corre-
sponding to the surge and sway thruster forces are adjusted to a lower
value, allowing drastic changes in the thruster values. This allows the
controller to perform quick maneuvers and bring the vessel back to the
desired set point.

The weight functions for (L,, L,) were set as continuously varying
nonlinear functions of the respective position error to satisfy the afore-
mentioned requirements. For instance, L, is defined as a function of e,
satisfying the aforementioned conditions and penalizes the variations
of thruster force F,. Acceptable shape of the wave function is shown in
Fig. 2. The weights can be selected to be over compensated (blue line
of Fig. 2), where the controller focus more on maintaining the position,
or be lenient (green line of Fig. 2), where the vessel is allowed to drift
a longer distance. After much trial and error, we finally settled on the
nonlinear function specified in Eq. (16) for the experiments.

e (log(|Tp]) = le.])

L, =100—
¥ |Tin]

, 16)
where, T,, is the position threshold, and e, is the position error of the
vessel along x axis. L, is also defined similarly.

The constraints of the GNMPC expressed in (11) comprise of the
upper and lower bounds of the states and inputs. The constraints can
be expressed as

Xk — Xmax
—Xk + Xmin (17)
Uk = Upmax
—Uk + Uiy

80 =

4. Methodology and experimental setup

This section provides a comprehensive overview of the experimen-
tal setup employed in our study. The overall configuration of the
experimental setup is shown in Fig. 3. Additionally, we present the
system identification process, where we aim to accurately characterize
the dynamics and behavior of the ship. Furthermore, we detail the
implementation of the wave filter utilized in our experiments. The
wave filter is a crucial component that mitigates the response to high-
frequency wave action, that is outside the vessel response capability,
or efficient bandwidth of control. Finally, we outline the test cases that
were executed to evaluate and compare the three controllers. These
test cases were carefully designed to evaluate the performance and
robustness of the system under different conditions and scenarios.

4.1. Experimental setup

The experiments were carried out in the Offshore Engineering Basin
(OEB) at the National Research Council (NRC) Ocean, Coastal, and
River Engineering Research Center in St. John’s, Canada. The OEB fa-
cility is one of the world’s most advanced indoor model ocean facilities.
The basin, which measures 75 m by 32 m by 4 m, can simulate extreme
model sea-state conditions that happen only once per 10,000 years
(scale dependent). The OEB is equipped with 168 individually con-
trolled and vertically adjustable wave-maker modules in a fixed “L”
configuration. Each segment is 2 m high and 0.5 m wide and are
grouped together in fours to form a module. The wave-maker system
can generate unidirectional or multi-directional waves up to 1 m tall.
Passive wave absorbers are fitted around the other two sides of the
tank. The basin can also produce wind to replicate actual sea condi-
tions. The basin is capable of testing models at a reasonably large scale
and evaluates concepts in a controlled environment to get high-quality,
realistic results.

The experiments of the DP controllers were carried out on a scaled
model of a Magne Viking supply vessel (Fig. 4). The model ship is a
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Fig. 3. Flowchart of the experiments.

Fig. 4. The Magne Viking model vessel.

1:19.5 scale model of the actual vessel and has the following dimen-
sions: mass (m) = 1229 kg, length (L), 4.44 m, and width (B) = 1.16 m.
The vessel is equipped with two main propellers, one bow thruster, and
one stern thruster for propulsion.

A computer onboard the model vessel controls the internal hard-
ware including the propulsion system, collect sensor data from onboard
sensors and communicate with the main control computer through the
Data Acquisition System (DAS) network. The OEB is equipped with a
Qualisys motion capture system that measures the Earth-fixed position
orientation and speed of the vessel. Active markers are placed on
the model to allow the motion tracking using the cameras mounted
around the basin. The Qualisys motion capture system is capable of
providing position feedback with 1 mm accuracy. However, in practice
there can be dropouts due to the sheer size of the OEB tank. To
minimize the effects of dropouts, an EKF is implemented to fuse inertial
measurements from the vessel with the motion capture feedback.

The Magne Viking model is retrofitted with Crossbow VG700CB-200
inertial measurement unit (IMU). The IMU measures the accelerations
and angular rates of the vessel, and these measurements are used
in an EKF based attitude heading reference system (Johansen and
Brekke, 2016). The EKF predicts the position and orientation at 50 Hz
using the measurements from the IMU, and then do the correction
based on the absolute position and orientation measurements from
the motion capture system. The AHRS allows the controller to have
an accurate, uninterrupted feedback even during a dropout of motion
capture feedback.

The NMPC and GNMPC controllers run on a separate computer,
which is connected to the main control computer via the OPC server.
The communication setup between the model, motion capture system,
and the main and secondary control computers is shown in Fig. 5.

RE -
O' g .
o 2} Qualisys
> " s Motion Capture
e

O Control PC
N
OPC Server
Main Control

Desktop

Fig. 5. Communication network.
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Fig. 6. Workflow of system identification.

4.2. System parameter identification

The performance of an MPC depends on the quality and accuracy of
the vessel’s model. Hence, an accurate mathematical representation of
the vessel’s dynamics is essential for successful MPC implementation.
In the case of the experimental setup involving the scaled model of
the Magne Viking supply vessel, the physical parameters, such as mass,
length, etc. were identified through a set of comprehensive measure-
ments. The initial hydrodynamic parameters were calculated using the
3D model of the model vessel. Over time, several modifications were
made, and several sensors were added to the initial design to improve
the capabilities of the model. During experiments it became apparent
that the initial parameters no longer adequately reflected the true
dynamics of the modified ship. Therefore the new model parameters
had to be identified.

Multiple approaches exist for parameter identification in models.
A common method involves separating transient and steady-state el-
ements and using linear regression to estimate parameter values. In
a study by Eriksen and Breivik (2017), a non-first-principles model
was identified for a high-speed autonomous surface vehicle’s motion.
The parameter values were determined through weighted linear least
squares regression with a regularization term to discourage large pa-
rameter values. The model’s accuracy was verified by comparing sim-
ulated vessel response with experimental data and was subsequently
employed in a controller with feed-forward terms. In another study
by Fossen et al. (1996), an offline parallel extended Kalman filter (EKF)
algorithm was utilized to estimate parameters for a nonlinear dynamic
positioned ship model. A decoupled identification scheme involved
three different ship maneuvers, with parameters from one scheme
serving as input for the next until all parameters were identified. The
approach’s effectiveness was verified by implementing and testing it on
a supply vessel, with the results compared against experimental data. In
our experiments, we used the optimization-based system identification
technique that was developed in Pedersen (2019).

We piloted the vessel at various speeds and in various trajectories to
collect data. When sufficient motion data are available we conducted
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the identification and validation workflow shown in Fig. 6. The opti-
mization technique calculates the system parameters by minimizing a
weighted sum of square errors. The objective function is defined as

10+T:
Ly, 2)= e = 2" W — 20
k=2r:0 k k k k 18)
T = FKk=1>0-1,0),

where f is the ship dynamics given in (3), and O is the vector of
physical and hydrodynamic parameters to be identified.

0 =1, XYY, Ny, N X, Y0, Y No N Xy Yiogor Nt 19

ar Lo Lis w Lps Lps

x is the measured state vector of the ship. 7 is the calculated states
based on the system dynamics given in (1) and (3). The weight matrix
W is defined W = diag(W,, W, W5, W,, W5, W), where W, > 0.
Proper initialization is crucial when performing optimization, and the
parameters identified using the measurement and the 3D model are
used as the initial values for the optimization. Calculated parameters
are shown in Table 2.

4.3. Wave filter setup

The motion of a ship under the influence of waves is generally mod-
eled as the superposition of low-frequency (LF) and wave-frequency
(WF) motion components. The LF motions, i.e., drift, result from
second-order wave drift forces and control thrust forces. On the other
hand, the WF motions are predominantly caused by first-order wave
motions, leading to the vessel’s oscillatory movements. Controlling the
vessel based on the oscillatory position feedback can lead to excessive
control actions and poor DP performance.

There has been extensive research on the WF for DP systems. In the
study by Sgrensen et al. WF filtering was employed by utilizing Kalman
filter theory and assuming linearization of the ship’s kinematic equa-
tions around predefined constant yaw angles (Sgrensen et al., 1996).
This approach was necessary for the application of linear Kalman
filter theory and gain scheduling techniques. In Fossen and Strand
(1999), a nonlinear observer incorporating wave filtering capabilities
and bias estimation was developed based on the principle of passivity.
Furthermore, Torsetnes et al. (2004) introduced gain scheduled wave
filtering as an additional technique. In our experiments, we utilized
the wave filtering approach proposed in Fossen and Strand (1999) for
effective filtering of wave disturbances.

In Fossen (2002), Fossen derives a linear state space model for
the first-order wave response. The response model in surge, sway, and
heading can be expressed as

E=A+E w, (20)
Mo = Cué, 21)

where ¢ € RO is the state vector, and w, € R? is a zero-mean Gaussian
white noise. Matrices A, € R*% E, € R®3, and C,, € R*® are
constant matrices defined as
0 1 0
A,:[ 3x3 3><3]’ E :[3><3], C,=03X3 l3><1’
Y s A3 v LENG “ [ ]
with

Q =diag(w,, ®,, w3) A=diagwi{;, 20,85, 2w5(3)

where w = [w;,w,,mw;] is the dominant wave frequency, and ¢ =
[¢).&.63] is the relative damping coefficients.

1, is the WF motion of the ship due to the first-order waves. Effects
of the second-order mean and slowly varying wave loads are modeled
as a random walk process (Wiener process) and can be expressed as

b= w, (22)

where w; € R3 is a vector of zero-mean Gaussian white noise.
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Table 2
Identified parameter values of Magne Viking model.
Physical Value Identified Value Identified Value
Parameter parameter parameter
Length 4.44 (m) 1, 1577.65 (kgm?) X, 158.23
Beam 1.16 (m) Y, 1087.3 Y, ~0
m 1358.5 (kg) N, ~0 N, 1559.92
o 0.18 (m) X, 41.788 Y, 336.06
Y, ~0 N, ~0
N, 26 Xt 194
Yoo ~0 Nipr 3913.5
The bias b € R? is incorporated into the ship’s dynamics in (1) as a Table 3

bias force, and the modified dynamics can be expressed as
Mpggv + M v+ Crg(W)v + C,(v)v + D) = 7, + JW)T b+ w, (23)

where w, € R3 is a vector of zero-mean Gaussian white noise.

In this study, we implemented a UKF-based wave filter to filter
out the WF motions due to waves. UKF performs the propagation of
the uncertainties of the Gaussian Random Variable (GRV) through a
deterministic sampling method (unscented transform). Using Egs. (3),
(23), (20), and (22), the process model used for the UKF can be
expressed as

n=Jw)yv @4
V= (Mgg+ M)~ (~CrgW)v — C40)v = DOV + 7, + J@) b+ w,)
(25)
E= A+ E w, (26)
b=w, 27)

Feedback for the experiment was obtained through the Qualisys
motion capture system, which provided the ship’s position and heading.
The measured position and heading can be modeled using the linear
superposition of the WF motion component and the LF motion compo-
nent. Hence the position and heading measurement can be modeled as

y=ntmn,+ws (28)

where w, € R? is the measurement noise vector.

Jayasiri et al. (2017), Julier and Uhlmann (1997), Deng et al.
(2019). Mathematical formulation and implementation of UKF are well
documented in the literature and the UKF pseudo code is shown in
Algorithm 1. Detailed implementation of UKF can be found in Julier
and Uhlmann (1997), Deng et al. (2019).

Algorithm 1: UKF-Based Wave Filter

1 Initialize the states (£) and their covariance (Pz),

g = [rIT’ VT, fT, bT]T;
2 for ke(l,...,0) do
3 Calculate sigma points for states (=) and measurements (y);
4 Propagate the sigma points through system model
(24)-(27);

5 Compute the predicted mean and covariance =, Pz -;
6 Propagate the measurement sigma points through
measurement model (28);

7 Read pose and velocities of the vessel;

8 Calculate the Kalman gain;

9 Compute the updated sates and covariance =+, Pz y+;
10 end

The wave filter was tuned for each type of wave. This involves
adjusting the tuning matrix A, in (20) based on the dominant fre-
quency of the wave and appropriate damping coefficients. The initial
guess of the dominant frequency was determined by analyzing the wave

Tuning parameters of wave filter.

Wave type® Dominant frequency Damping coefficient
White Noise Wave [2.1, 2.1, 2.1] [0.02, 0.02, 0.02]
Irregular Wave [2.3, 2.3, 2.3] [0.01, 0.01, 0.01]
Regular Wave [2.7, 2.7, 2.7] [0.02, 0.02, 0.02]

2 See Table 4 for the definitions of waves.

spectrum, and then fine-tuned through a process of trial and error. The
values used for w and ¢ are shown in Table 3

Fig. 7 illustrates the measured position and heading of the ship
influenced by a regular wave and the LF motion of the ship after
filtering the WF motion. Fig. 7 demonstrates that the wave filter based
on UKF successfully estimates the WF motion components from the
feedback and produces LF motion feedback for the controller.

4.4. Controller implementation

The proposed GNMPC is optimization based control algorithm,
which calculates the optimum control actions by solving the optimiza-
tion problem defined in (15) at each time step. Optimization based
algorithms demand significant computational resources and may result
in longer execution times posing challenges for real-time implementa-
tion. The optimal control problem was formulated using direct multiple
shooting (DMS) approach. We opted for the DMS approach due its
robustness to model uncertainty and better convergence (Diehl et al.,
2006). However, the DMS approach has more optimizing variables
which lead to increased computational complexity.

In this study we used the CasAdi framework to implement the NMPC
and Green NMPC controller (Andersson et al., 2019). CasADi is an
open-source software framework that provides a powerful set of tools
for modeling and solving optimization problems. CasAdi supports a
variety of programming languages, including Python, MATLAB, and
C++, making it versatile. As the solver for the optimization problem
we selected built-in interior point optimizer (IPOPT). IPOPT algorithm
is computationally efficient and can handle large-scale optimization
problem generated using DMS approach.

The NMPC and GNMPC controllers are implemented using MATLAB
in a laptop equipped with AMD Ryzen 5 5600H and 16 GB of RAM.
Number of samples in the prediction horizon is a key factor determining
the execution time of the controller. Since the vessel has slow dynamics,
a controller with shorter prediction horizon does not yield the best
performance. Controller with a longer prediction horizon performs
better but with a longer execution time. After much trial and error,
we decided a prediction horizon of 16 s, 80 prediction horizon samples
at 5 Hz. The selected controller rate and number of samples provided
a better compromise between the performance and computation time.

The controller communicates with the main control computer
through the OPC server at 5 Hz. In each iteration, the controller request
the pose and velocity feedback of the vessel, and then the control
actions are forwarded to vessel. The state and input limits used in (17)
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Fig. 7. Position and heading of the ship under the influence of regular waves.
Table 4 Table 5
Definition of waves. Summary of experiments.
D Significant Peak wave Wave type Wave type PID NMPC GNMPC
wave height, frequency No Wave HS, OA, LSP HS, OA, LSP HS, OA
H,[m] plrad/s] White Noise Wave HS, OA, LSP HS, OA, LSP HS, OA
1 0.178 2.3 Regular Irregular Wave HS, OA, LSP HS, OA, LSP HS, OA
2 0.178 Range White noise Regular Wave HS, OA, LSP HS, OA, LSP HS, OA
3 0.1 1.26711 Irregular, Short crest

are selected based on the experimental setup. The limits used in the
experiment are as follows

=[0 (m), 0 (m), 2x (rad), 0.3 (ms™'), 0.3 (ms™), —0.3(rads™")]
=[=75 (m), =32 (m), =27 (rad), —0.3 (ms~)),
—0.3 (ms™1), —0.3(rads™1)]
=[35N, 45N, 65N]
= [-35N, —45N, —65N]

Xmax

Xmin

max
min

29
4.5. Test cases

A key contribution of this paper is conducting experiments under
different wave conditions in an controlled environment. Wavemakers
in OEB can generate various types of waves. Based on the height and
period, the waves can be divided into sea states. In this study we
chose three different wave conditions along with no wave condition
(NW) to compare controller performances. Waves area characterized
by the peak wave frequency and the significant wave height. The
characteristics of the waves used in the experiments are listed in
Table 4.

The regular waves (RW) are waves with a single frequency and pe-
riodic wave height, period, and wavelength. The irregular waves (IRW)
are a superposition of several regular waves, which have a significant
wave height, and a dominant frequency. The white noise waves (WNW)
has a wide frequency range with a flat power spectrum (Cavaleri et al.,
2007). The WNW used in this study has an incident angle of 20 degrees,
where as the other two waves, have zero incident angle.

In this study we carried out three different tests, 1: DP at head seas
(HS), 2: DP at oblique angles (OA), 3: DP with large setpoint changes

(LSP). These tests were carried out under different wave conditions, and
with each controller. During each experiment, the vessel was initially
maneuvered to the initial set point in calm waters, and once the vessel
was in position the waves were introduced. Through out this transition,
each controller was actively controlling the vessel. The experimental
data was collected once the waves reached a steady state condition. We
conducted a total of 32 experiments and a summary of the experiments
is shown in Table 5.

5. Experimental results

This section presents the comprehensive results obtained from the
DP tests conducted under different wave conditions. Three tests, HS,
OA, and LSP, were carried out to assess and compare the performance
of the three controllers. The experiments aimed to evaluate the ef-
fectiveness of the dynamic positioning system in different challenging
situations. Due to space limitations, this paper will present the plots
showing the position holding, and spectral density of the thrusters of
the controllers only for the regular wave (RW) conditions. All other
results are reported for no wave (NW), white noise wave (WNW),
irregular wave (IRW) and regular wave (RW) conditions.

5.1. DP head seas

The main task of the DP head seas experiment is to maintain the
vessel at a given position with zero heading amidst disturbances. In
most of the practical DP applications, the heading of the ship will be
adjusted to match the wave direction.

Fig. 8 shows the position and heading accuracy of the three con-
trollers under the four sea conditions. The bars in the plot represent



O. Alagili et al.

25

Ocean Engineering 299 (2024) 117297

ElPrID
ENMPC
L TTIGNMPC

N
o

N
]
T

X error (m)
S

e

aall

NW (x10) WNW

IRW

(a) RMSE of X position

50

EEFD
ENMPC
40 LCIGNMPC

30
20 -
10+
0 4

Y error (m)

NW (x10) WNW

IRW RW

(b) RMSE of Y position

20

PID
EENMPC
[IGNMPC

151

Yaw error (deg)
=

| i

NW (x10)

WNW

IRW RwW

(c) RMSE of heading

Fig. 8. Position and heading accuracy of HS tests under different wave conditions.

the root mean square error (RMSE) values for each test, with the height
of each bar corresponding to the magnitude of the mean error. The
error bars on each bar indicate the 95% confidence interval of the
root square errors. Under the NW conditions, all controllers’ errors
are extremely small. The maximum position error is around 3% of the
total ship length. The coupling effect of the four propellers can cause
motion in the ship. The PID tries to minimize the error in the set point,
and therefore, the PID has more actuator movements. NMPC considers
the dynamics of the ship and calculates the optimum control action.
Therefore, the corrections applied by the controller are less aggressive
than the PID, and the errors are less. Since the vessel is within the
safety boundary, the GNMPC does not make any corrections. Therefore,
disturbances due to the coupling effects are less and the accuracy is

the highest. Under the WNW conditions, the NMPC provides the best
performance in terms of accuracy. The x position RMSE of the PID
controller is lower compared to the NMPC, but when closely observing,
we can see the maximum error of the PID controller is higher than
the maximum error of the NMPC. The error of the GNMPC is larger
compared to both PID and the NMPC. However, we can see that the
GNMPC errors did not exceed the safety limit. Since the white noise
reached the ship at an oblique angle, the wave pushed the ship to one
side of the set point. We can see the minimum RMSE has a positive
value, which shows a drift of the ship to one side of the set point. Under
the IRW conditions, the vessel movement is small. We can see a higher
accuracy in the NMPC compared to the PID. GNMPC error is larger
compared to both NMPC and PID. In order to maintain the ship within
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Fig. 9. Comparing the position holding performance of PID,NMPC, and GNMPC controller under regular wave.

the safety limit and has reduced thruster usage, the GNMPC allows
the vessel to drift slightly. The regular wave is the most challenging
wave for the vessel. We can clearly see a significant improvement in the
accuracy of NMPC compared to the PID controller. Following a similar
trend, the GNMPC position accuracy is lower compared to NMPC.
When comparing the heading accuracies, the GNMPC has the highest
accuracy compared to the PID and NMPC. Since dynamic weights are
not assigned for the heading control, the GNMPC performs similarly
to a NMPC controller for the heading correction. Since the thruster
movements from the GNMPC controller are less compared to the NMPC,
the cross coupling effects on the ship are minimized in the GNMPC
controller. This results in a higher accuracy in the heading angle.

Fig. 9 shows the vessel’s XY position for PID, MPC, and GNMPC
controllers under regular wave case. Results indicate that the vessel
locations were within the safe range in every case. Compared to the
NMPC control, the PID has wider spread movements about the setpoint.
Moreover, there is more vessel movement for Green-NMPC, as the
point reference monitoring is relaxed to area tracking within the safety
limitations. It is evident that the Green-NMPC’s weight function is
able to maintain a trade-off between maintaining position and limiting
thruster motions.

Fig. 10(a) shows the energy consumption of the three controllers
under each wave condition. We can observe that the GNMPC controller
has the lowest power consumption compared to the PID and NMPC. The
PID controller has the highest power consumption.

The primary reason for preferring less variation in ship thrusters
is to ensure safe and stable ship operations. The thrusters control
the ship’s movement and maintain its position, especially in dynamic
positioning operations. If the thrusters’ output varies too much at quick
succession, it can lead to unstable ship movement. Moreover, excessive
variation in thruster output can also cause unnecessary wear and
tear on the thrusters and other ship components, leading to increased
maintenance costs and downtime. Fig. 10(b), Fig. 10(c), and Fig. 10(d)
show the spectrum of the forces on the x,y, and torque rotational axes
under RW condition. It is clearly visible that the GNMPC has more
low frequency movements compared to the rest of the controllers. This
means that the GNMPC reduces high frequency variations in thrusters
which can result in less wear and tear.

5.2. DP oblique angles

The DP oblique angles test is an additional dynamic positioning
(DP) test used to confirm that a vessel can maintain its position at
various angles. The vessel is then kept in the same X-Y orientation
while rotating about its axis at 30, and 45 degrees. Fig. 11. shows the
position and heading accuracy of the three controller under different
sea conditions. The errors made in these tests are minimal in the
no wave condition since there is no external disturbances. The ship
may move as a result of the four propellers coupling effect. The PID

10

makes an effort to reduce setpoint errors. PID has more actuations as
a result, which reduced its precision. The actuator actions by the other
controllers are smaller than those made by PID since NMPC considers
the ship’s dynamics. Given the small position error, the GNMPC applies
the least correction, resulting in the highest accuracy in no wave
conditions. The RMSE of the PID controller at the white noise wave
case in the X, and Y error position is marginally higher than the RMSE
of the NMPC. A closer look at the results also show that the maximum
inaccuracy in the PID is higher. Also it is observed that the NMPC
performs better than the PID controller in X, and Y and heading error
minimization. NMPC, and PID almost always have smaller errors than
the GNMPC. However, the GNMPC position errors were within the
acceptable safety limit. The white noise wave pushed the ship to one
side of the setpoint due to the oblique angle. We can observe that the
minimal root square error is positive, indicating that the ship is drifting
to one side. Ship movement under irregular waves is small. When com-
pared to the PID, the NMPC has a higher accuracy. The GNMPC error is
larger than NMPC and PID errors. Regular waves are the most difficult
waves to manage, the precision of the NMPC controller is significantly
better than the PID controller in this situation. The GNMPC position
accuracy is lower than NMPC, continuing a similar pattern. The vessel’s
trajectory on the XY plane under regular wave case is shown in Fig. 12.
However, there is more vessel movement with GNMPC as area tracking
is allowed instead of point reference monitoring within the bounds
of safety. The GNMPC’s weight function is able to maintain a trade-
off between maintaining position and limiting thruster motions. To
evaluate the control action’s efficacy, the control signals’ variance and
power are analyzed. According to the results, GNMPC has the lowest
overall power consumption as shown in Fig. 13(a). GNMPC control
actions have lower gain in the mid and high frequency area, as seen in
(Figs. 13(b), 13(c), 13(d)). This indicates that there will be less high-
frequency movement in the thrusters which will help to keep the wear
and tear of the thrusters to minimal.

5.3. Large position setpoint changes

Though the objective of DP is not to track trajectories, it is occa-
sionally required to make small position changes during DP operation.
This test is done to evaluate the controllers’ ability to make small
adjustments in position and angles. The controllers were tested for
their ability to navigate to the four corners of a rectangular area
under irregular wave conditions. Fig. 14 shows the trajectory tracked
by the vessel under the PID and the NMPC. Note that GNMPC is
not tested for trajectory tracking since its objective function is not
suitable for position tracking. Depending on the state of the irregular
waves, in the PID controller case, the ship departs from point (—33,15)
and stops along the way at points (-28,15), (-28,10), (-33,10), and
(—28,15) as illustrated in Fig. 14. In the NMPC case, the ship moves
from the point (-27,14) to stops (-23,14), (-23,10), (-27,10), and
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(—23,14). Furthermore, the Fig. 14. shows the NMPC performance is
more stable and closer to meeting the trajectory reference than PID.
Fig. 15(a) shows the energy usage of the two controllers for different
wave situation. For all wave conditions the NMPC uses less energy than

the PID control.

(Figs. 15(b), 15(c), 15(d)). shows that NMPC control actions have
reduced gain in the high-frequency region indicating less high-frequency
thruster movement.

6. Conclusion and final remarks

This study reports an experimental implementation of NMPC and
an energy efficient GNMPC controller. This is one of the very few
experiments where the NMPCs were tested in a controlled environment
with varying wave conditions, and to the best of our knowledge, this
is the first experimental implementation of the GNMPC. The extensive
experiment tests provided many valuable insights which will be useful
during the implementation of model based controllers on DP systems.

11
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The experimental results on the station keeping tests showed that
on average, the GNMPC is the most energy efficient controller for
the application. The GNMPC minimizes the thruster movement by
implementing a relaxed control policy, which results in low energy
consumption and less wear and tear. The controller only reacted ag-
gressively when it hit the boundaries of the safe operation zone. Hence
the GNMPC can be implemented on applications where extreme levels
of accuracy is not required. However, GNMPC is not suitable for large
position setpoint changes. NMPC delivers the best performance in large
setpoint changes with lower energy compared to the benchmark PID
controller. In a situation where setpoint tracking is necessary, the
GNMPC can be switched to a NMPC seamlessly by changing the weights
in the objective function to constant values.

Another observation made during the experiment is the impact of
the model accuracy on the performance of the NMPCs. The benchmark
PID controller does not need any numerical model for the operation.
However, the NMPCs highly depend on the accuracy of the numerical
model. When the prediction horizon of the NMPCs is short, then the
impact of an accurate model is minimal. However, when the prediction
horizon is longer, the performance degrades significantly if the numeri-
cal model does not represent the actual vessel dynamics. Therefore, it is
critical to validate the accuracy of the numerical model by conducting
several test maneuvers.

The NMPC and GNMPC use optimization to calculate the optimal
control action at each time step. The computation time required by
the optimizer to calculate the optimal control sequence is a key con-
sideration when implementing an NMPC controller. An NMPC with a
longer prediction horizon generally performs better than an NMPC with
a shorter prediction horizon. However, when the prediction horizon is
longer, the optimizer requires more computational time to solve for
the control action. Therefore, careful consideration has to be given
when determining the optimizer, sampling time, and the length of the
prediction horizon.

Wave filter was a critical part, especially in the NMPC implemen-
tations. When the direct feedback of the vessel motion is given to the

NMPC, the controller attempts to over-compensate for the oscillatory
motion due to the first-order wave motions. In order to filter out
the oscillatory motion from the feedback, a well-tuned wave filter is
required. In this study, we used a UKF based wave filter to filter out
the first-order wave effects, and the filter was reasonably easy to tune.
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