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ABSTRACT
The University of Maynooth is hosting a competition to de-

velop a control strategy for a heaving point absorber wave en-
ergy converter (WEC). A linear model predictive control (MPC)
design for the competition is presented. The state space model
used in the MPC was derived numerically from the provided
WEC-Sim model using linear system identification methods. A
Kalman filter was used as the estimator, while also serving as
an unknown input estimator to provide estimates of the excita-
tion force on the WEC. The required excitation force predictions
were made using an autoregressive linear prediction model. The
inputs to the prediction model included estimated wave excita-
tion forces and measured water surface elevation values from an
up-field wave probe. Simulation results of the final control system
design are also presented for each of the six wave cases specified
by the competition organizers.

INTRODUCTION
Ocean waves present a large, untapped energy source for

powering the modern world. Developing an economically vi-
able technology to capture the energy from ocean waves could
provide another diverse source of renewable energy. However,
present technologies have not yet become cost competitive with
other sources of renewable energy such as wind and solar.

Advanced control of wave energy converters has been iden-
tified as a pathway to reducing the cost of energy of [1]. Many
control algorithms have been proposed in recent years, with dif-
ferent requirements, capabilities, and robustness. Despite all the

proposed control strategies there is very little published work
comparing experimentally validated performance of various con-
trollers to a single WEC.

Inspired by a previous wave energy converter modeling
competition and the U.S. Department of Energy’s Wave Energy
Prize, the University of Maynooth is hosting a WEC Controls
Competition (WECCCOMP) to evaluate various control algo-
rithms in both simulated and experimental environments. The
objective of the competition is to compare the performance of
various control strategies by evaluating the controllers in both
simulation and experimental environments. For evaluation pur-
poses, a performance score was developed that weighs energy
capture with peak PTO force, peak displacement, and peak
power. As all control algorithms will be applied to the same
WEC system, direct comparison of the performance of the dif-
ferent schemes will be possible. At the time of writing this paper,
the experimental wave tank testing of the control algorithms has
not yet taken place.

This paper presents a linear MPC formulation submitted to
the competition. MPC has been studied extensively for WEC
applications (e.g. [2–5]), and the formulating presented in this
work is similar to other published approaches. By submitting
this widely studied control approach to the competition, the per-
formance MPC for wave energy in an experimental setting can
be evaluated and compared to other control strategies proposed
for wave energy applications.

The next section provides details on the WEC Control Com-
petition, including the WEC model and evaluation criteria. Then
the formulation of each component of the controller is presented.
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FIGURE 1. Schematic of WEC [6]

Simulation results of the controller are then shown, including a
discussion of how the control parameters were tuned. A prelim-
inary experimental test plan for implementation of the controller
in a wave tank test is presented. The paper finishes with some
brief conclusions.

WEC CONTROL COMPETITION
The motivation of the WEC control competition is to com-

pare the performance of various proposed control algorithms in
simulation and then a wave tank testing environment. For full
details on the competition, including, experimental setup, and
competition objectives, see Ringwood et al [6]. A summary of
the WEC model that is the subject of the competition, and the
performance evaluation metric is provided below.

WEC Model
The WEC model that is the subject of the competition is a

single degree-of-freedom hemispherical point absorber, attached
to a linkage arm. A diagram of the model is shown in Fig. 1. The
linkage arm pivots around a point above the still water line, and
a linear actuator is attached to the other end of the linkage arm.
The heave (vertical) forces on the float dominate the dynamics,
but there is a small contribution from the surge (horizontal) and
pitch (rotational) forces on the dynamics.

The WECCCOMP organizers developed a WEC-Sim model
of the device [7]. WEC-Sim is an open-source modeling envi-

ronment for simulating the hydrodynamics of WECs in Matlab-
Simulink [8]. The competition organizers developed the WEC-
Sim model provided to all competitors, and validated the perfor-
mance of the model with experimental wave tank data. Readers
are referenced to the paper by Tom et al for more details on the
WEC-Sim model validation [7].

The measurements available of the WEC that are available
for incorporation into the control system design are:

• WEC Position,
• Float Rotational Acceleration,
• Actuator Force,
• Upstream water surface elevation at three locations.

The organizers designed the numerical model to allow the
control algorithm to be designed using one of two coordinate
systems. One is to perform all control calculations in relation
to the rotational position of the linkage arm, and the other is
to use the linear displacement of the actuator. Appropriate co-
ordinate transformations for available measurements and com-
manded PTO force are performed for either configuration.

Performance Evaluation
A numerical performance criteria was specified by the com-

petition organizers. The evaluation criteria took into account the
following four parameters:

1) average electrical absorbed power
2) absolute PTO force
3) absolute PTO displacement
4) absolute electrical absorbed power.

To incorporate all these criteria into a single numerical score,
the competition organizers developed a formula to measure the
performance of the controller. The evaluation criteria (EC) is
defined as

EC =
avg(P)

2+ | f |98
Fmax

+ |z|98
Zmax
− avg|P|
|P|98

, (1)

where avg(P) is average electrical power, | f |98 is the 98th per-
centile of absolute PTO force, |z|98 is the 98th percentile of ab-
solute PTO displacement, |P|98 is the 98th percentile of absolute
electrical power, Fmax is the maximum actuator force (60 N), and
Zmax is the maximum actuator displacement (8 cm).

The PTO electrical power (P) includes a conversion effi-
ciency (η) calculation from mechanical absorbed power (Pa), de-
fined as

P =

{
ηPa, Pa > 0
Pa/η, Pa < 0.

(2)
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TABLE 1. The six sea states used to evaluate the controller perfor-
mance. All wave spectra follow the JONSWAP definition.

Hs Tp γ Duration
m s - s

0.0208 0.988 1.0 98.8
0.0625 1.412 1.0 141.2
0.1042 1.836 1.0 183.6
0.0208 0.988 3.3 98.8
0.0625 1.412 3.3 141.2
0.1042 1.836 3.3 183.6

The controller performance will be evaluated across six Jon-
swap wave sea states, shown in Tab. 1. The evaluation criteria is
calculated for t ≥ 25s, so as to not include the ramp time at the
beginning of each test. The duration of each test was 100 times
the peak wave period. The final score is the average of EC for
each of the six sea states.

CONTROL DESIGN
A linear model predictive controller was designed and sub-

mitted to the competition. MPC has been studied previously as
one possible control algorithm to improve the power capture of
WECs. The specific MPC formulation presented here is not a
novel control design as applied to WECs; it is an adaptation to
the specifics of the competition.

Model predictive control of WECs requires a prediction
model, an estimator, and an excitation force prediction algorithm.
In this section the formulation of each component of the con-
troller is presented. A block diagram of the control strategy pre-
sented in this paper is shown in Fig. 2.

FIGURE 2. Control system block diagram.

Prediction Model
The experimentally validated WEC-Sim model provided to

the competitors was used to develop the prediction model used
by the controller. The WEC is a single degree of freedom

buoy that is connected to a linear actuator via a linkage system.
The linkage system allows the WEC to rotate around a single
point. While the WEC-Sim model applies a linear hydrodynamic
model, the linkage connecting the buoy to the actuator introduces
nonlinear dynamics. Since a linear MPC is used here, a linear
state space model of the plant to be controlled is needed.

To derive a linear model, system identification techniques
are applied to data generated using the WEC-Sim model. The
PTO block was modified to allow a user-specified force input.
In WEC-Sim, one simulation configuration option is “no-wave”,
where the simulation is run in still-water conditions. Using this
configuration, an impulse PTO force was simulated. The simula-
tion yielded data for a float velocity impulse response function.
A linear state space model was then be derived from this impulse
response function, following the method described by Kung [9].

This linear state space model becomes

ζ̇ = Aζ +Bu (3)
ẋ =Cζ +Du, (4)

where u is PTO torque, ẋ is rotational velocity of the float, ζ is
the state vector, and A, B, C, and D are the state space matrices
derived from the system identification process. Simulations of
this state space model show that the matrix D can be neglected
from the formulation, simplifying much of the control design.
By iteratively increasing the order of the state space model, it
was determined that a state space order of 4 sufficiently repro-
duced the impulse response data from WEC-Sim. This method
was implemented using the preprocessing code BEMIO included
with WEC-Sim, described in Tom et al [10]. Figure 3 shows the
impulse response function from the WEC-Sim simulation and
impulse response of the reduced order state space model.

The external excitation force applied to the system by the
waves is also exerted as a torque, therefore the same B matrix is
used to map this torque to the rate of change of the state variables.

To implement the formulation of MPC applied in this work,
the control torque needs to be an element of the state vector.
Additionally, the velocity of the WEC is not directly measured,
rather the position and acceleration are measured. Therefore, the
state space model needs to be augmented to include the PTO
torque and the position of the WEC in the state vector. This
yields the following state space system,

ζ̇

ẋ
u̇

=

A 0 B
C 0 0
0 0 −1

τ


︸ ︷︷ ︸

Ampc

ζ

x
u

+
0

0
1
τ


︸︷︷︸
Bu−mpc

ucmd +

B
0
0


︸︷︷︸
Bv−mpc

Fe, (5)
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FIGURE 3. Velocity Impulse Response of WEC from WEC-Sim
compared to reduced order Linear State space impulse response

ẋ
x
u

=

C 0 0
0 1 0
0 0 1


︸ ︷︷ ︸

Cmpc

ζ

x
u

 , (6)

where ucmd is the torque command, τ is a time constant of the ac-
tuator, and Fe is the excitation torque exerted by the waves. This
state space model can then be converted to a discrete model by
using a zero-order hold, yielding the discrete state space matrices
Ad from Ampc, Bud from Bu−mpc, Bvd from Bv−mpc, and Cd from
Cmpc.

Estimator
To implement MPC, full state feedback is required. Since

all the states in the state space model can not be measured di-
rectly, an estimator is needed to provide full state feedback from
the available measurements. In this work, a discrete Kalman fil-
ter is used as the estimator. In addition to providing the full state
feedback, the estimator is also used as an unknown disturbance
estimator. The state space model used to build the estimator is
augmented with a disturbance model. A disturbance model is a
simplified dynamic model of the unknown disturbance. By aug-
menting a simplified disturbance model to the state space system,
the Kalman filter can be used to estimate the unknown distur-
bance as well as the system state. The process used to provide
this estimate is described in detail in Ling and Batten [11].

In the work presented here, the disturbance model used is a
harmonic oscillator, with a single, fixed frequency ω . The mea-
surement used from the model in the estimator is the measure-
ment of the PTO linear position. The state space model used to

implement the Kalman Filter is
ζ̇

ẋ
¨̂Fe
˙̂Fe

=


A 0 B 0
C 0 0 0
0 0 0 1
0 0 −ω2 0




ζ

x
˙̂Fe

F̂e

+


B
0
0
0

u (7)

x =
[
0 1 0 0

]
ζ

x
˙̂Fe

F̂e

 , (8)

where F̂e is the estimated excitation force, ω is the assumed fixed
frequency for the excitation force, u is the PTO torque, and all
other values correspond to Eqn. (5) and Eqn. (6). This model was
discretized for implementation in a discrete Kalman Filter using
a zero-order hold. Simulations were used to tune the process
and measurement noise covariance matrices to achieve adequate
estimation performance.

Excitation Force Prediction
A prediction of future excitation forces is required to effec-

tively implement MPC on a WEC. Many strategies have been
proposed for providing these predictions, including using artifi-
cial neural networks [12], linear autoregressive models [11, 13],
and radar measurements [14]. The strategy presented here is an
extension of the linear autoregressive method presented by Ling
and Batten that utilizes the available up-wave water surface ele-
vation methods [11].

Excitation force predictions are made from collected data; a
predictive model is developed, and the model is “trained” with
the collected data to provide accurate predictions. The inputs to
the prediction model are the estimated excitation forces from the
Kalman filter, and the measured water surface elevation from one
of the up-wave sensors. The predictor assumes the next discrete
value for the excitation force can be predicted from a linear com-
bination of the previous M excitation force estimates and pre-
vious M recorded water surface elevation measurements. These
values are referred to as regressors. If a prediction horizon of N
steps is generated, each predicted excitation force is predicted by
a distinct linear combination of the regressors. This prediction
model for time t is shown in matrix form as

F̃e(t +N ∗dt)
...

F̃e(t +dt)

=

β1,1 . . . β1,2M
...

. . .
βN,1 βN,2M




η3(t)
...

η3(t− (M−1)∗dt)
F̂e(t)

...
F̂e(t− (M−1)∗dt)


,

(9)
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FIGURE 4. Performance of the autoregressive linear prediction algo-
rithm. Performance is evaluated across a range of sea states, using the
coefficient of determination from a linear regression analysis. Shown
is a predictor using both estimated excitation force and measured up-
stream water surface elevation (η3) as inputs, compared to a predictor
using only estimated excitation force values.

where dt is the time step of the predictor, F̂e is the estimated ex-
citation force, βi, j are the linear regression coefficients, η3 is the
measured up-wave water surface elevation, and F̃e are predicted
excitation forces.

By using previously collected data, the matrix of coefficients
βi, j can be estimated by solving N least-squares problems. Each
row of the coefficient matrix, corresponding to each predicted
time step forward, is estimated by solving a distinct least-squares
problem. Estimated excitation force data from WEC-Sim runs of
all six evaluation sea states were used to determine the regression
coefficients. The prediction algorithm is static; it does not adapt
to new collected data.

Performance of this excitation force prediction algorithm
is measured by examining the coefficient of determination (R2)
from a linear regression analysis at each prediction time step.
A plot of the R2 values over the prediction horizon is shown in
Fig. 4. To illustrate the improvement in prediction accuracy by
including the up-wave measurements, performance of a linear
autoregressive predictor that does not use any up-stream wave
measurements is also displayed in the figure. The plot shows the
predictor provides high accuracy predictions, with an R2 greater
than 0.9, to a prediction horizon of 1.5 seconds. The accuracy
of the predictor rapidly declines beyond a 1.5 second prediction
horizon.

A larger time step, (0.05 seconds) was used for the excita-
tion force prediction than is used by the estimator and MPC. Ex-
citation force predictions between prediction time steps are esti-
mated using a linear interpolation. This serves two purposes; to

act as a low-pass filter on the inputs and to reduce the numerical
complexity of the prediction algorithm.

Controller
Model predictive control for wave energy converters has

been widely researched. The formulation presented in this work
is not a new approach for wave energy applications, therefore an
abbreviated presentation of MPC is given here. For more detail,
readers are referred to a variety of sources [2–5, 15, 16]

The state space model of the WEC given in Eqn.( 5) and
Eqn. (6) is converted into a discrete state space model,

z(t +Ts) = Adz(t)+Budu(t)+BvdF̃e(t) (10)
y(t) =Cdz(t), (11)

where Ts is the step size, z is the state vector, Ad , Bud , Bvd , and
Cd are the state space matrices, u is the control input, and y is the
measurement vector. This discrete state space model can then be
used to build a prediction model, propagating the state forward
across a prediction horizon. This prediction model is

−→y = Sxx+Su
−→u +Sv

−→
Fe , (12)

where

−→y =


y(k)

y(k+1)
...

y(k+Hp)

 , (13)

−→u =


u(k)

u(k+1)
...

u(k+Hp)

 , (14)

−→
Fe =


F̃e(k)

F̃e(k+1)
...

F̃e(k+Hp)

 , (15)

Sx =


Cd

CdAd
...

CdAHp
d

 , (16)
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Su =


0 0 0 · · · 0

CdBud 0 0 · · · 0
...

...
...

. . .
...

CdAHp−1
d Bud CdAHp−2

d Bud · · · CDBud 0

 , (17)

Sv =


0 0 0 · · · 0

CdBvd 0 0 · · · 0
...

...
...

. . .
...

CdAHp−1
d Bvd CdAHp−2

d Bvd · · · CdBvd 0

 , (18)

and Hp is the prediction horizon and k indicates the current dis-
crete time step.

The prediction model is used to develop an quadratic opti-
mization problem. The objective function, shown in Eqn. (19)
is formulated in such a way so that the value of the objective
function is proportional to power absorbed by the WEC.

J =
1
2
−→y (k)T Q−→y (k)+−→u (k)T R−→u (k) (19)

The entries in the matrix Q are chosen so

−→y (k)T Q−→y (k) =
Hp

∑
k=1

Hp− k+1
Hp

Qsẋ(k)u(k), (20)

making the first term in Eqn. (19) proportional to mechanical
power absorbed by the WEC. The formulation also places less
emphasis on predicted powers at further prediction horizon times
in the objective function. Note that this formulation of the objec-
tive function does not account for the conversion efficiency of the
PTO, as that would introduce a nonlinearity into the optimiza-
tion problem. The entries in the matrix R are chosen to provide
a control penalty on ucmd . This results in a diagonal matrix R
with non-zero entries each equal to Rs. To ensure convexity of
the quadratic program, Rs must be greater than a certain value.
Ensuring the value Rs was large enough was performed experi-
mentally.

By substituting Eqn. (13) through Eqn. (18) into Eqn. (19),
and dropping the bias terms, the objective function becomes

J =
1
2
−→u (k)T (ST

u QSu +R)−→u (k)T

+−→u (k)T ST
u Q(Sxx(k)+Sv

−→
Fe(k). (21)

This yields a quadratic problem that can be solved at each control
step k to determine the control action.

Quadratic solvers can also include linear constraints on the
optimization problem. In this case, bounds are placed on the

TABLE 2. Table of controller parameters.

Parameter Variable Value

Prediction Horizon Hp 120

Control Step Size Ts 0.01 s

R Scale Rs 5x10−5

Q Scale Qs 0.01

Displacement Limits xmax 0.35 rad

PTO Torque Limit τmax 8.5 Nm

Number of Predictor Regressors N 300

Prediction Time Step dt f e 0.05 s

Estimator Disturbance Frequency ω 0.7 Hz

allowable PTO force and displacement, yielding the following
constraints.

u(k)≥ τmin, (22)
u(k)≤ τmax, (23)

Sxu(k)≥ xmin +Sxx(k)+Sv
−→
Fe(k), (24)

Sxu(k)≤ xmax +Sxx(k)+Sv
−→
Fe(k), (25)

where Fmin, Fmax,−→y min, and−→y max are used to set the position and
PTO force constraints. The quadratic solver qpOASIS was used
to solve the quadratic problem [17]. qpOASIS uses an active
set strategy, which is particularly efficient at solving quadratic
problems for MPC applications.

SIMULATION RESULTS
Simulations were performed on all six evaluation sea states

to determine controller performance. The WEC-Sim model that
was provided by the competition organizers allowed for two co-
ordinate systems to implement the control algorithm, WEC rota-
tion and actuator linear displacement. The controller presented
here utilized the rotational coordinate system.

The simulations were used to tune the controller, adjusting
the parameter values shown in Tab. 2 to result in the highest av-
erage evaluation criteria score. The values presented in Tab. 2
show the configuration of the controller as submitted to the com-
petition.

One parameter setting of particular interest for its impact on
the evaluation criteria is the maximum PTO torque. During sim-
ulation tuning, it was observed that setting the torque limit τmax
lower than the maximum PTO force specified by the competition
organizers criteria yielded higher overall scores. The maximum
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FIGURE 5. Evaluation Criteria Scores at various torque limits for sea
states 3, 6, and the mean of 3 and 6.

PTO force specified is 60 N, which corresponds to approximately
12 Nm of torque about point A. A plot showing the evaluation
criteria scores for a range of maximum PTO torques applied to
sea states 3 and 6 is shown in Fig. 5. Only sea states 3, 6, and
the average of the two are plotted, as these were the only two of
the six sea states impacted by the torque limit. The plot shows
the maximum torque value resulting in the highest average eval-
uation criteria to be between 8 and 8.5 Nm, so the limit was set
to 8.5 Nm for the controller.

Results for each sea state are displaced in Tab. 3. The val-
ues for the terms used in calculating the evaluation criteria are
also displayed in the table, including averabe absorbed power
(avg(P)). The simulation results show that an average evalu-
ation criteria score of 0.0962 was achieved with the controller
presented.

For comparison purposes, a simple fixed damping control,
where τpto = b ∗ θ̇pto was also simulated for each sea state. The
optimal damping coefficient b for each sea state was determined
by running an optimization routine for each sea state to max-
imize the evaluation criteria. The resulting evaluation criteria
scores and associated average electrical power are also shown in
Tab. 3. The average evaluation criteria score with optimal fixed
damping was 0.0620. The MPC controller simulated in this work
yields a 55.2% increase in the average evaluation criteria of the
six provided sea states compared to the optimal fixed damping
control. Increases across the six sea states range from 18% to
65%, with larger increases in the evaluation score occurring in
sea states with longer peak wave periods.

The average absorbed electrical power across all six sea
states increased from 0.154 W to 0.273 W, a 77% increase. In-
creases in electrical power across the six sea states range from
16% to 85%, with larger increases occurring in sea states with

longer peak wave periods.
To visually illustrate the behavior of the MPC controller, ex-

ample time series plot for sea state 1 and sea state six is shown in
Fig. 6. The MPC simulation data is compared to the fixed damp-
ing control. Data signals plotted include PTO displacement, PTO
force, and electric power.

EXPERIMENTAL IMPLEMENTATION
At the time of writing this manuscript, the experimental im-

plementation of competitor’s control algorithms has not taken
place. The plan is to provide each competitor two days of wave
tank time to implement and test control algorithms. As time is
available, additional control tuning work may also be performed.

The preliminary plan for use of the wave tank testing time is
to perform the following four sets of tests:

•Model I.D. test.
• Estimator and predictor tuning.
• Control debugging.
• Final evaluation tests.

The model I.D. test will drive the model actuator in still water,
commanding a step input to the actuator. This step response will
be differentiated to obtain the impulse response function. Using
this experimental data, the system I.D. process presented in the
“Control Design” section will be repeated.

The next phase of testing will be used to tune the estimator
and predictor. Tests will be performed in irregular waves, using
a simple fixed damping control. The data collected during these
tests will be used to tune the noise covariance matrices in the es-
timator, and verify the accuracy of the excitation force prediction
algorithm.

Following tuning of the estimator and predictor, the control
system will be debugged. Irregular wave tests will be performed
with the MPC algorithm applied to the device. If any unexpected
behavior is observed, these tests will be used to identify any er-
rors and fix them. Finally, tests will be run in each of the six
sea states to evaluate the performance of the controller. Initially,
the control parameters selected during the simulation of the con-
troller will be used. As time permits, these parameters may be
adjusted to attempt to improve performance of the control algo-
rithm.

To implement the control algorithm in an experimental set-
ting, the Simulink xPC Target toolbox will be used. This frame-
work allows rapid prototyping of control algorithms to be de-
ployed, with the internal Simulink code creating complied code
from the Simulink model. This code is then deployed on a real-
time target machine, where it interfaces with the sensors and ac-
tuator of the WEC with an I/O board. Not all Simulink blocks
are supported by this toolbox.

The author has previous experience deploying MPC for a
wave tank test of a WEC using this xPC Target toolbox. The
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FIGURE 6. Example time series plots from sea state #1 (plots a-c) and sea state #6 (d-f). The top row of plots (a, d) show linear PTO displacement,
the middle row (b, e) shows PTO force, and the bottom row of plots (c, f) show electrical power.

quadratic solver used by the proposed control scheme, qpOASIS,
is developed in C code. The developers of qpOASIS have pro-
vided a straightforward method to incorporate the solver’s code
into a Simulink model to be deployed to a real-time application
using xPC. As the solver is designed to efficiently solve quadratic
programs for MPC, the computational effort required is signifi-
cantly lower than what other quadratic program solvers use [17].
If the target computer is not able to reliably implement the con-
trol in real-time, the step sizes of the controller, estimator, and
predictor can be increased. qpOASES also provides solver con-
figurations that can reduce the required time at the expense of
solution accuracy.

CONCLUSION
A linear model predictive controller was developed for sub-

mission to the WEC Control Competition. The design of the
MPC, state estimator and excitation force predictor used in the

control algorithm is presented. The linear autoregressive pre-
dictor that uses input data from up-wave water surface elevation
along with estimated excitation force is shown to significantly
outperform the prediction accuracy of a predictor using only es-
timated excitation force. This improved prediction accuracy fa-
cilitates an improved overall performance the MPC control algo-
rithm.

The controller was tuned with the objective of maximizing
the average competition evaluation score for the size specified
sea states. Simulation results for the evaluation score and mean
electrical power were presented for each of the six sea states.
Results were compared to results from an optimal fixed damping
control. Simulation results shows the MPC yielded a 55.2% in-
crease in average evaluation score compared to the optimal fixed
damping control, and an increase in mean electrical absorbed
power of 77%. A time domain comparison of the controller and
fixed damping control was also presented.

The next step in the competition is to implement the con-
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TABLE 3. Table of WEC-Sim simulation results of the proposed controller. Evaluation criteria values, average power, and other parameters used in
the calculation of the evaluation criteria are shown for each of the six sea states. Evaluation criteria values for the optimal fixed damping control are
also displayed for comparison.

Sea State Damping Ctrl. MPC Ctrl.

Sea State Hs Tp γ EC Value avg(P) EC Value avg(P) avg|P| |P|98 | f |98 |z|98

m s W W W W N m

1 0.0208 0.988 1.0 0.00646 0.0124 0.00760 0.0150 0.0178 0.0929 6.0073 0.0057

2 0.0625 1.412 1.0 0.05795 0.1298 0.08120 0.2068 0.2961 1.5261 29.7761 0.0196

3 0.1042 1.836 1.0 0.12234 0.3132 0.19778 0.5794 0.8440 3.9574 42.1711 0.03525

4 0.0208 0.988 3.3 0.00854 0.0171 0.00975 0.0198 0.0221 0.1309 6.8725 0.0067

5 0.0625 1.412 3.3 0.05711 0.1317 0.08384 0.2239 0.3207 1.7899 34.2815 0.0222

6 0.1042 1.836 3.3 0.11997 0.3208 0.19751 0.5911 0.8288 4.3158 42.3239 0.0384

mean: 0.06203 0.1542 0.09628 0.2727

trol algorithm in a wave tank test. A preliminary plan for the
wave tank test implementation is discussed. Following wave tank
testing of all competitors’ controllers, results and various control
strategies will be compared.

The primary objective of the design of the control system
was to maximize the competition evaluation criteria for the six
sea states specified by the competition organizers. However, if
the presented controller were to be applied to a generalized ap-
plication such as minimizing the cost of energy at a specific de-
ployment location, additional considerations would be necessary.
These considerations would include a more detailed cost model
of the WEC would be required to accurately assess the tradeoff
between maximum PTO torque and power absorbed; simulating
additional sea states to predict the annual energy production of
the WEC at the deployment location; and additional design work
to ensure the controller’s behavior in exceptionally energetic sea
states is acceptable.
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