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Utilization of Model Predictive Control to Balance Power Absorption Against Load Accumulation

Nikhar Abbas, Nathan Tom
National Renewable Energy Laboratory, Golden, CO, USA

ABSTRACT

Wave energy converter (WEC) control strategies have been primarily fo-
cused on maximizing power absorption. The use of model predictive
control strategies allows for a finite-horizon, multiterm objective func-
tion to be solved. This work utilizes a multiterm objective function to
maximize power absorption while minimizing the structural loads on the
WEC system. Furthermore, a Kalman filter and autoregressive model
were used to estimate and forecast the wave exciting force and predict the
future dynamics of the WEC. The WEC’s power-take-off time-averaged
power and structural loads under a perfect forecast assumption in irregu-
lar waves were compared against results obtained from the Kalman filter
and autoregressive model to evaluate model predictive control perfor-
mance.

KEY WORDS: Wave energy converter; model predictive control; au-
toregressive parameterization; wave forecast.

INTRODUCTION

Development of advanced control strategies will be important for the
successful implementation of wave energy converter (WEC) technolo-
gies. Maximizing power absorption from incident waves has been the
primary objective of most previously proposed control algorithms. This
work focuses on the development of control algorithms to maximize the
power absorption while taking the structural loads on the system into
account.

There have been a number of different control strategies investi-
gated in the development of WEC devices. Some of the initial
developments in WEC control methods include complex conjugate
control (Falnes 2002) and latching control (Babarit and Clément
2006). More complex, constrained control under motion constraints
was explored in regular wave examples by (Hals, Falnes, and Moan
2011). Additionally, control using a nonlinear objective function and
dynamic models were considered by Nguyen (2016) and Bacelli (2015),
respectively. For state-based control algorithms, having knowledge
of the incident wave is often considered necessary. One method for
attaining this knowledge is through various nonlinear observers and
state estimators, such as the extended Kalman filter (Nguyen, Sabiron,
Tona, Kramer, and Sanchez 2016; Bernuau, Glumineau, Plestan, and

Moussaoui 2015; Fusco and J. V. Ringwood 2013). Model predictive
control (MPC) has been shown to improve power production near
the theoretical maximum, though computationally demanding (Hals,
Falnes, and Moan 2011). One method of forecasting the incident wave
excitation force is by using autoregressive models, knowledge of the
previous wave history, and the assumption that the change in significant
wave height is relatively slow (Fischer, Kracht, and Perez-Becker 2012).
Through these techniques, many researchers have developed control
algorithms with the focus on maximizing power production at the power
take-off (PTO).

An oscillating surge wave energy converter (OSWEC) is under
development at the National Renewable Energy Laboratory (NREL).
In this report, we focus on maximizing power production while
considering the structural loads on the OSWEC through control of the
PTO torque. By implementing a variation of the extended Kalman
filter, autoregressive parameterization and forecasting, and MPC, a
control algorithm that calculates the PTO torque of the OSWEC that is
based on the solution to an objective function designed as a quadratic
programming problem was developed.

OSWEC AND HYDRODYNAMIC MODELING

The design of the OSWEC used in this study has been detailed in (N.
Tom, Lawson, Y.-H. Yu, and Wright 2016a; N. Tom, Lawson, Y. Yu,
and Wright 2016b) and is briefly highlighted here. The novel idea in the
development of this OSWEC is that the main body has been replaced
with identical flaps that can rotate around their horizontal center axis,
as shown in Fig. 1. The structural mass is evenly distributed, whereas
the structural mass density, p,,, is half of the fluid density, p. WAMIT
(WAMIT Version 7.0 User Manual 2014) was used to determine the hy-
drodynamic coefficients at a step size of 0.01 rad/s for wave frequencies
between O rad/s and 7.5 rad/s. As mentioned, the aim of this work is to
control the PTO torque and not the flap position. The geometric dimen-
sions of the OSWEC used in this study can be seen in Table 1, and the
hydrodynamic coefficients can be found in Fig. 2. The hydrodynamic
coefficients for other WEC geometries can be found in (N. Tom, Law-
son, Y. Yu, and Wright 2016b). A 10 meter water depth was chosen
for the hydrodynamic coefficient calculations based on previous studies
of fixed-bottom OSWEC systems (Whittaker and Folley 2012; Gomes,



Lopes, Henriques, Gato, and Falcao 2015).

Table 1 Geometric Dimensions of the OSWEC
Water Depth, 4, 10 m Flap Minor Axis, t¢, 1/3 m

Height, H, 10 m Flap Major Axis, Hy,2 m
Thickness, #, 3/4 m Side Support Width, wg, 1/4 m
‘Width, w, 20 m Center of Gravity, rg, 3.97 m
Flap Width, wy, 19.5 m Moment of Inertia, /55, 904.4 kg-m2

Volume, ¥, 72 m? Mass, m, 36 t
Resonance Period, 7,5, 37 s | Resonance Frequency, wyes, 0.17 rad-s~T

(5

Fig. 1 Solidworks rendering of the novel OSWEC. (Left) Per-
spective view of the fully open configuration (four flaps
open) and (right) perspective view of the fully closed con-
figuration (no flaps open) {s is the angular displacement of
the OSWEC around the axis of rotation.

OSWEC Equations of Motion

To successfully implement an MPC algorithm, the equations of motion
for the OSWEC must first be defined.

Continuous Time, Nonlinear Equations of Motion

The one-degree-of-freedom time-domain pitch equation of motion is
given by,

Iss85(1) = Tos(0) + Trss(8) + T (D) + Ta(0) + T (0) (D)

where ¢ is time, Is5 is the pitch mass moment of inertia, /5 is the pitch
angular acceleration 7,5 is the wave exciting pitch torque caused by the
incident waves, 7,55 is the wave radiation torque due to pitch motion, 7,
is the hydrostatic restoring torque, 7, is the drag torque caused by viscous
effects, and 7, is the mechanical torque applied by the PTO system. With
the torque equations defined in (N. Tom, Y. Yu, Wright, and Lawson
2016c), we arrive at the final one-degree-of-freedom pitch equation of
motion,

00

(Iss + pss5(00)) &5(1) = f Kes(t — Dn(t)dr - f Kiss(t = 1)¢s(n)dt
S —o0

I -~
— (pVry — mre)g sin(¢s (1) — Aulds(OILs (1) + Tu(D)  (2)
| S——
Css

where K5 is the wave excitation pitch kernel that is noncausal, and 7 is
the wave elevation. K,ss is the pitch radiation impulse response function,
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Fig.2 Nondimensional hydrodynamic radiation (top) and wave
excitation (bottom) coefficients. The nondimensionaliza-
tion is given by: w* = w\/}T, His = pss/lss, sy =
Ass/wlss, Xi = Xs/pgh*w, pis = wis/ph’w, Ajs
Ais/wpl®w, X; = Xi/pgwh, ¢} = ¢;/m . X; and X are the
nondimensionalized surge and pitch wave exciting force
coeflicients per unit wave amplitude, respectively.

or the memory function, as it represents the wave radiation effects caused
by previous OSWEC motions. Css is a constant related to the hydrostatic
restoring torque, Y is the WEC displaced volume in calm water, r,, is the
radial distance from the origin to the center of buoyancy, m is the WEC
mass, r, is the radial distance from the origin to the center of gravity, and
g is the gravitational acceleration. A,, is the quadratic-drag coeflicient
caused by viscous effects, ¢5 and /5 are the angular position and veloc-
ity, respectively, and pss(oo) is the added moment of inertia at infinite
frequency.

State-Space Formulation

For control application, it is convenient to have the equations of motion in
state-space form. It is common to approximate the convolution integral
for the wave radiation torque by a linear state-space approximation,

X,55(t) = ApssX,ss (1) + Byss{(f) 3)
f Kss(t - T)fs(T)dT ~ Cys5X,s5(1) + DrSSZS 4

where A,ss, B;ss, C,s5, D,ss are the time-invariant state, input, output, and
feed-through matrices, and Xss is the state vector describing the convolu-



tion kernel. Generally, Dss can be set to zero with minimal effect on the
dynamics. Combining (4) with (2), we can establish

—Cy55X,55(1) = Css sin(Z5(1) = Anld5(DI5(1) + Tes (1) + T(0)
I

This defines a nonlinear system described by the continuous time state-

space equations

x(1) = Awx(t) + Buu(?)

G0 = ®)

(6)
(#) = Coux(t) + Dyu(r)
with state matrices
Ayss 0 B,ss 0 0
Anl = 0 0 1 ) Bnl = O 0
—G s Csssin(s) — 3 Aulds| P oE o
X,s5(8)
0 1 0 To5(1)
Cu = [ ] x@) =| &0 |, w®) = [ ]
0 0 1 ; m(t
&5(1) 0

Linearized System

It is also convenient to have a linearized state space for MPC applica-
tions. In this study, we consider the quadratic and nonlinear viscous
drag, 4,, to be zero. The small angle approximation allows us to define
sin(¢s(7)) = £s5(¢). With these definitions, (5) can be linearized to

.. 1
{0 = 7[_Cr55Xr55(t) = Css545(1) + 1e5(t) + T,(0)] (3

In the standard, continuous time state-space form,

(1) = A.x(t) + Bou(t)

(1) = Cex(t) + Du(r) ©
a linearized state-space is established

X,s5(1) Arss 0 Biss | [X,s5(2) 0 0 7.5(1)

Lo |=| 0 0 1 {l&m|+]0 0 [;’5@]

Gol -5 -5 ofléo ] I3 M (10
[,cs(r)]_[o I 0] e

: = {s

<L) I U

The continuous time system (9) can be discretized using a zero-order-
hold to define

x(k + 1) = Agx(k) + Byu(k)

(11
y(k) = Cax(k) + Dgu(k)
where
Ay = M By = A}'(A; — DB, if A, nonsingular (12)
C;=C. D; = D, (13)
CONTROLLER DESIGN

A simple block diagram is shown in Fig. 3 to describe the basic con-
trol system architecture. There are three primary blocks in the control
architecture: an extended Kalman filter with unknown inputs (EKF-UI),
autoregressive (AR) model, and MPC. The extended Kalman filter is de-
signed to accept the current OSWEC angular position, {5(), velocity,
Z5(t), and PTO control torque, 7, to estimate the wave excitation force
in pitch, 7,5(t). The AR model uses the time history of 7.5 to define pa-
rameters that are used to forecast the incident wave excitation force in
pitch 7,5s. The calculated 7,5 values are then used in the MPC algorithm
to construct an objective function that defines the PTO torque from the
current time step to n steps ahead, 7,,. The control input calculated for the
current time, 7,,(k), is sent to the OSWEC, and the process is repeated.

Tes(k) ————)

OSWEC {s5(k), {5 (k), P (k)
s 45k, g5 ()
Tes(k +n) fes(k —1)
MPC AR Model | EKF-UI |
2(k)

Fig.3 Simple block diagram showing the basic structure of the
control system implemented for the OSWEC

Extended Kalman Filter with Unknown Input

The extended Kalman filter (EKF) method for state estimation requires
complete knowledge of the deterministic model inputs. However, these
inputs may not always be available. In this study, the primary inputs
to the WEC model are 7.5 and 7,,. The extended Kalman filter with
unknown input (EKF-UI) method, derived in (Ghahremani and Kamwa
2011), presents a solution to state estimation in a nonlinear system with
unknown inputs. An overview of the EKF-UI employed in this work is
described here; with a continuous time system defined as

X = filx, Mk,u/t,wk) wy ~ N(0, Q) (14)
Vi = hi(xi, vi) vi ~ N(O,R)
Discretized to
Xiert = Sk, Ui, g, W) wi ~ N(0, Q) (15)
Yk = hi(xi, vi) vi ~ N(O,R)

where f; is a nonlinear system function, x; is a state vector, i is the
known input, u; is the unknown input, and w; and v; represent input
and measurement noise, respectively. Finally, y; is the observed output
vector. The noise is assumed to be uncorrelated Gaussian white noise
with a normal distribution. The following gradients are first defined:

N

Fi= = =
K sx kT s kT w

Rk Rilk Rhik
1
o (16)

T 6x

Ohy

H =
k ow

M,

Bilk—1 Shlk—1

After initialization, there are two primary steps to the EKF-UI In the
measurement update, we correct for errors in the predicted values for
the system states (20) and, subsequently, the unknown input value (21).
Here we also compute the gain, K;, and covariance, P, matrices of the
EKF-UI in equations (17) and (22), respectively. In the time update, the
covariance, system state vector, and system outputs are estimated for the
next time step in equations (23-25).

Measurement update:

K = P H] (HPH] +R)™ a7
Sy = (BFHR™'(I - HyKp) ™ Hy By (18)
€ = Vi = Ju-1 (19)
Xk = X + Kiex (20)
f_yy =SB H R (I — HK)(ex + H By i;_,) (1)
Py = (I = Kk H)Py—1 — K H) Py + (I = Ky) (22)
Time update:
Piog = FkPklkaT +0 (23)
ffkmk = fk(xk, U, Wi) (24)
Yirtk = (X, vie) (25)



From the EKF-UI, the estimated state and unknown inputs calculated in
equations (20) and (21) are stored and passed to the AR parameterization
and MPC parts of the control algorithm.

Autoregressive Model

An autoregressive model is employed to predict the pitch wave excitation
force, 7.5. Equation (26) shows the basic structure of this model

(ko) = ¢ (k)6 (26)
where
JKO) = [Fesk + 1) .. Fosk +m)], 67(K) = [2sK) ... 2sk=m)| (27)

and 6 is a matrix of parameters found through a least-squares minimiza-
tion. We define 7,5 and 7.5 as the wave excitation torque in pitch fore-
casted by the autoregressive model and estimated by the EKF-UI, respec-
tively.

Model Predictive Control

MPC is used to determine the PTO torque in the OSWEC system. By
taking the predicted behavior of the OSWEC into account, the MPC al-
gorithm defines a control input based on a prescribed objective function.
In order to do this, the future behavior of the OSWEC must be estimated.

OSWEC Motion Prediction

Beginning with a discrete and linearized state-space equation of motion,

x(k +1) = Agx(k) + Byu(k)

(28)
y(k) = Cax(k) + Dau(k)

we define the state-space realization,

d d 29)
C=[001] D =1[00]
with the state and input vectors, x(k) and u(k):

. T T

x(k) = [Xss(k) £5(0) G50, ulh) = [resk) Ta(h)] (30)

We can predict the system output » steps ahead with the following system
of equations:

x(k + 1) = Ax(k) + Bu(k)
y(k + 1) = CAx(k) + CBu(k)

x(k+2)=Ax(k+ 1) + Bu(k + 1)

y(k + 2) = CA%x(k) + CABu(k) + CBu(k + 1) a1

y(k + n) = CA"x(k) + CA" ' Bu(k) + CA" *Bu(k + 1) + ...
+ CA°Butk+n-1)

We can put the equations from (31) into matrix form:

. CB 0 - 0
G+ 1)] [CA . u(k)
: | o+ CAB CB - :
k+n)]  [CA : . < 0 utk+n-1)
— CA™'B ... CAB CB

M

(32

It is useful to introduce a permutation matrix P,

1 0 --- 0 0 0
o0 --- 10
P=[0 1 -~ 0 0 € R (33)
0 1
1
that we can postmultiply M, by
Z: Mix(k) + M, Pii 34)

where
T T
i = [Tes Tn| = [Fesh) .. Btk n), Tu(K) . Tulk + 1) 35)

so that M, is separated into two matrices by the permutation matrix such
that

MyP = [M21 M22]
and we can arrive at:
&5 = Myx(k) + My Tos + M, (36)

It should be noted that 7.5 and 7,, consist of torque values from the current
time, to the time step (k + n) in the future.

Objective Function for Power Maximization

To define our objective function, we start with the equation for PTO
power,

P(t) = _Tm(t)é:S(t) (37)
The power maximization at a discrete time step can be presented as

max P(k) = max —7,,(k)’s(k) = min 7,,(k)’s(k 38
max P(k) = max —7,,(k)gs(k) = min 7,, (k)¢s (k) (38)

Equation 38 presents an interesting problem as the power output of the
PTO is a function of both the PTO torque, 7,,(k), and OSWEC angular
velocity, Z5(k), at a fixed point in time; however, Z5(k) is a direct result
of 7,,(k — 1). To maximize time-averaged power, we define an initial
objective function (39) for the control algorithm.

min J,, J, = ; TREe+ 1) = 7165 (39)
We make the assumption that, with a small enough time step, any errors
caused by the difference of time steps in the product used to define the
objective function (39) and the product used to calculate the PTO power
(37) will be insignificant. Using MATLAB’s built-in function, quadprog,
(MATLAB 2016) finding the solution to a quadratic programming prob-
lem is fairly straightforward. For this reason, we modify (39) to (44),

Jy=7nd (40)
Iy = x() M{ T, + TSMS, T + T M T, T =T (41)
J, = [Myx(k) + My 7Tes] T + T8 Moy T (42)
with
fr = Mix(k) + My T.s, Q, = 2My = (My + M}) (43)
such that
J, = %f;Qﬁm + [ T (44)

where (44) is the standard form necessary to run MATLAB’s quadprog
function, and provides an objective function for cumulative absorbed
power.



Motion Constraints

It is important to consider constraints on the motion of the OSWEC to
keep the control behavior practical and realistic. To do this, we first
modify the C matrix from (29) to be

C= [0 1 0] (45)

By applying the same methodology that was used to arrive at (44), we
establish a second equation for the predicted angular positions of the
OSWEC:

ZS = Ml,mc)E + MZl,mc‘?eS + M224,mc‘?m’ (46)

Setting the motion constraint |55 < &max), where &, is the angular
limit of motion in radians, we can create two equations,

Ml ,mz:)_c + M2I,mc7_-cﬁ + M22,mc7—-m < é‘max (47)
Ml ,mc)_C + MZI,mr‘?eS + M22,mc7_-m 2 - gmax

These can be modified to

M22,mz:‘?m < fmczx - [Adl,mz:)_C + MZLWIL'?_-L’S] (48)
_M22,mzr‘7-m < é:max + [Ml,mc)_c + MZl,me-T—eS]

which is of the form Ax < b where

A= [ M22.mc ] — [‘fmax - [Ml,m(')_c + MZl,cheS]

_ - 49
_M22,mc gmax + [Ml,mrx + MZI,cheS] ( )

with x =7,
Torque Penalty

With the initial objective function (44), we can now include an additional
term to add a penalty to the amount of torque used by the PTO. This is
the simplest way of reducing loads on the system. If we define another
objective function,

J. =atl7, (50)
where « is a weighting term on the torque penalty.

Foundation Force Reduction

The most direct way of minimizing the loads on the system is to explicitly
consider the foundation force in the objective function. Note that this
does include the necessity for a prediction of the wave excitation force
in surge, f,;. We establish f,; to have a linear relationship to 7,5 that is
dependent on the sea state, as the two signals are both in phase (Fig. 2).
This assumption provided simulation results similar to those performed
with a perfect prediction of f,;. Considering the one-degree-of-freedom
surge equation of motion,

0= for(®) + frr (D) + frs(0) (6D

where f, is the wave exciting surge force, f,; is the force required by the
foundation to keep the OSWEC stationary, and f,;s is the wave radiation
force. Equation (51) can be modified to

S @ = =fa(@®) = frs5(0) (52)

1) = L0+ @50+ [ Koiste=niste (53)
The second two terms in (53), representing f,15 (115 and convolution in-
tegral), can be linearized in a state-space approximation, and the one-
degree-of-freedom pitch equation of motion can be put in the discrete

state-space form

Ars 0 0 By 0 0
| 0 Ass 0 Bss 0 0
As)’s = 0 0 0 1 Bsys = 0 0 (54)
0 -9 -5 0 ion
Cyys = [CIS —His C;’Ss _/IISC]_S’S 0] Dy, = [}% li:]
where
. T T
Xy = [Xo1s Xoss 50 SRO] . uk) = [1esk) Ta(h)] (55)

such that the surge foundation force can now be calculated as
frl (k + 1) = _fel(k) - C.sysXsys(k) + Dsysu(k) (56)

By applying a similar method that was used to derive (36), we can arrive
at an equation for the predicted foundation forces, f,;. Starting with the
same method of n step ahead prediction, we can again put the equations
in the matrix form

falk+ 1] [CA
: =1 x(k)+
frlk+n) CA"
——
N
CB+D 0 0

u(k)
CAB CB+D : 57)
0 utk+n-1)

CA"™'B CAB CB+D

Ny

By using the permutation matrix (33) and defining & = [T.s T,,]” as in
(35), we can reduce this to the following equation describing the pre-
dicted foundation force to be reduced,

fr = Nix(k) + NaiTos + NooT — fon (58)

where f,; is a vector of predicted wave excitation surge forces. To main-
tain a convex solution space and ensure optimization of the magnitude of
the force, we consider the addition of a penalty term, J, to the objective
function, J, such that

J=J,+J +Jf (59)
where
Jr=yfi (60)

and 7y is a penalty term on the foundation force terms. We can expand
this based on our derivation of f,;,

Jr = YN x(k) + NaiTos + Nog = fur 1" [N1x(k) + NoyTos + Nay — fur
=y ON] + 7L N3, + T NT, = FRIIN x(k) + Ny Tes + Ny — fur]
= y[x" (NI Ny x + + 7| for + T NI Ny Tos+
2(x" (K)N{ Ny T, = fiN1x(k) = forNaoiTes)+
7 NG Ny Ty + 20" (RN Nog + TLsNE Nay — i N2 )Tl
(61)

and drop the terms that are independent of 7,, because they are not de-
pendent on the solution to the quadratic problem. So we define

Or = Y2N3, Ny

. (62)
fr = Y2 N[ Nop + 75Ny Ny = [ No)]'
and arrive at a third objective function with a weighting term, y
1 ¢ - T=
Jf =T (ny)Tm + fo) Tm (63)

_2771



Objective Function Nondimensionalization

The functions (44), (50), and 50) are three quantities with different units.
Because of this, we use the nondimensionalization for J,,, J;, and J¢ pre-
sented in (N. M. Tom, Y.-H. Yu, Wright, and Lawson 2017), and rewrite
(59) as

R S - [ +9] A (64)
wP, 1 tpeh’H,/2 3pgwhH, /2
Cy _

%, b

where C,, is defined as the capture width of the OSWEC. The respective
width and height of the OSWEC are w and h, P,, is the time-averaged
wave power, and H, is the average wave amplitude. Equation (64) is the
final objective function used in this work.

METHODOLOGY AND RESULTS

The control algorithm has been tested in regular waves to verify con-
troller design, and in irregular waves to evaluate controller performance
in a more realistic wave environment.

Regular Wave Analysis

Regular wave analysis is convenient for testing the algorithm to ensure
that the desired performance is achieved. We are able to compare the
performance of the three aspects of the control architecture in the time
domain. It is simple to evaluate any errors in the tracking of 7.5 by the
EKF-UI (Fig. 4). The autoregressive model forecast should also be ac-
curate in regular waves, as the model needs to define a sine function
without any higher order harmonics (Fig. 5). The implementation of
the penalty terms, y and «, to the objective function can be analyzed by
looking at the magnitudes of 7,, and f,(Fig. 7), and the power extraction
using MPC can be compared to the theoretical maximums found using a
tuned spring-damper control loop (Fig. 6). Considering the relation of
the power to the load is important as the overarching goal is to extract as
much possible power while minimizing loads. For this purpose, we use
the definition for P, described in (N. M. Tom, Y.-H. Yu, Wright, and
Lawson 2017)

oS )(2) o

sk *
i+t \oo

where C,, f, and 7}, are the nondimensional terms defined in (64), Py
is the time-averaged power absorbed, and o is the standard deviation of
this power. In (65), the first term represents the PTO-absorbed power of
the OSWEC, the second considers this power with respect to large struc-
ture loading, and the third term considers large PTO peak instantaneous
power spikes.

Regular Wave Results

Regular wave analysis was done for a wave with a period of 8 seconds
and amplitude of 1m. Figure 4 shows good tracking of 7, by the EKF-UI,
after an initialization time of about 40 seconds for both the EKF-UI
and the wave train. The error, defined as /(7.5 — T.5)2, is insignificant
after the EKF-UI initialization. With this information, we are then able
to use the AR model to define 7,s. As expected, the forecast is nearly
perfect, as the signal is oscillating at a fixed amplitude and frequency
(Fig. 5). The forecast was done for one period in advance. With accurate
implementation of the EKF-UI and forecasting using an AR model, the
MPC algorithm is implemented to maximize the PTO-absorbed power
of the OSWEC. To validate this, we compare the MPC algorithm to
an optimized spring damper control loop that provides the theoretical
maximum absorbed power under sinusoidal motion (Falnes 2002).
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Fig.4 Actual and estimated wave excitation forces using the
EKF-UI in regular waves
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Fig.5 Actual and forecast wave excitation forces using the AR
model. 7, is shown periodically in the interest of clarity,
but is calculated at every time step.

Figure 6 shows the results of PTO power of the WEC device.

Noticeably, the magnitude of the power fluctuations are less using the
MPC algorithm. However, the time-averaged power output using MPC
is 4% more than that using the spring-damper control system, before
introducing y and « in the objective function. This increase is most
likely because the MPC algorithm does not constrain the OSWEC
to sinusoidal motion and is thus able to absorb slightly more power.
Associated with the increase of power absorption, the standard deviation
of the foundation forces (f,1) and PTO torque (7,) are increased by
approximately 9% with the implementation of MPC. The nonsinusoidal
motion of the OSWEC introduces greater foundation loading and PTO
actuation at the peaks of the OSWEC’s motion. When implementing y
and «, it is useful to use contour plots to see the penalty term’s effect on
Py, 0,0y, , and Py (Fig. 7).

As expected, as the penalty term grows, the power output decreases, but
so does the actuation effort and loads on the system. In this case, by
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Fig.7 Contour plots at varied y and « penalty terms in the MPC objective function (64) with H = 1 and T = 8. Here, the superscript " signifies a
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Fig.6 PTO power for the MPC (P,,,.) and spring-damper (Psp)
control systems

the definition of P, in (65), the last contour in Figure 7 suggests that
higher @ and 7y values result in better P, performance for the range of
a and vy values tested. This does not, however, mean that there is not
an optimal weighting to maximize Py if larger @ and y are considered.
In irregular waves of varying significant wave heights and frequencies,
this relationship can change to differ from the trend seen in Figure 7
and suggests optimal weighting values to maximize P, within the tested

range.

Irregular Wave Analysis

After confirming that this control algorithm is achieving the desired per-
formance in regular waves, we can implement MPC in an irregular wave
sea state. For this work, a Bretschneider wave spectrum as defined by ??
was used, where omega, w,,, and H; are the frequency, modal frequency,
and significant wave height, respectively.

5 w! 4,4
= = M2 oS5 /4w
S (w) 6 25 ce (66)

It is important to first understand the accuracy of the wave excitation
force estimation, (7.s5), AR model, and associated forecast of 7.5 in ir-
regular waves (Figs. 8, 10). Contour plots that show the power output,
standard deviations, o7 and o7 , and P} at a range of y and & weight-
ings to evaluate the performance of the MPC algorithm and objective
function are shown in Fig. 11 for one sea state. The superscript ” signi-
fies a term normalized by the maximum value using a perfect prediction
and no weighting.

Irregular Wave Results

To successfully forecast the incident wave excitation force, the past
forces must be accurately estimated. For this, we use the EKF-UI. Figure
8 shows a sample time history, 7,5 and 7,5, along with the error between
the two signals. The EKF-UI takes about 40 seconds to converge to ac-
curately estimate 7,. After this, the greatest errors seen are < 1% of
the actual wave forces. With the successful estimation of 7.5, we then
define an AR model to forecast the incident wave excitation force, 7,s.
Figure 10 shows the wave forecasting performance for a sample time



period. Although the wave excitation force forecast is not perfect, the
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Fig. 8 Actual and estimated wave excitation forces for H; = 1m
and T'p = 8s for the first 100 s of operation

MPC algorithm works well when the AR model to provide a forecast
with sufficient accuracy. Figure 9 shows this, especially for shorter peak
periods. Interestingly, the mean power output using the AR model to
forecast 7,5 is greater than that with a perfect forecast for T, = 8. The
authors acknowledge that all of the power available may not be absorbed
with a perfect forecast of only one peak period ahead. It is possible, in
this circumstance, that the AR model forecast is doing a better job of set-
ting up the OSWEC for future wave excitation forces. Careful tuning of
the autoregressive order and forecasting horizon may increase the fore-
cast accuracy for longer peak periods. Alternatively, the use of a bank
of Kalman filters as suggested in (Nguyen, Sabiron, Tona, Kramer, and
Sanchez 2016) may be advantageous. For this work, the forecast hori-
zon time was defined as equal to T, and the model order was defined as
1.25 %, where dt is the length of the discrete time step. A longer forecast
horizon or higher model order did not provide better MPC performance.

1.05

1

T,(9)

Fig.9 Normalized power out at varied peak periods (T,), with
H,=1mand @ =y = 0. P,, and P, as the average power
output, with 7,5 calculated using an autoregressive model
or assumed to be perfect, respectively.

Implementation of the penalty terms, y and «, in the MPC optimization
function is displayed in Figure 11 for a significant wave height (H;) of
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Fig. 10 Forecasted wave excitation force and the actual wave ex-
citation forces for H; = 1m and T, = 8s. 7,5 is shown
periodically in the interest of clarity, but is calculated at
every time step.

1 meter and peak period (7,) of 8 seconds. The addition of weighting
terms also contributes to a reduction in Pj, or and o-?rl, as defined
in Figure 11, and is mostly consistent with the results observed in
regular waves. When considering peak periods ranging from 6 to 14
seconds, the power output at higher peak periods drops along with o,
and o, and is consistent with the results in Fig. 9. Additionally, the
trends seen in Fig. 11 (a) - (c) are seen in all of the tested wave peak
periods. Figure 11(d) suggests that there is are optimal y and « values to
maximize Py;. A shift of the OSWEC’s near peak P}, in varied sea states
is shown in Fig. 12. Similar areas representing the near peak values
of the P}, contours for a variety of peak periods suggest a shift towards
a larger weighting term for longer periods. This shift is likely because
the OSWEC may be closer to resonance in longer waves and there is
less PTO actuation for power production, so a higher emphasis on the
penalty terms is necessary to mitigate loads.

Table 2 Power, torque, and load along near maximum P, contour

PO,avg PO,(r Oz,.avg Oz,,0 O frlavg Tfrl,o
T,=6 | 4496kW | 85% | 1.46 Nm | 11.3% | 0.80N | 11.1%
T,=8 | 7209kW | 94% | 1.88 Nm | 12.2% | 1.08 N | 12.2%
T,=10 | 6893kW | 8.8% | 1.68 Nm | 11.1% | 0.98 N | 11.1%
T,=12 | 6044kW | 6.1% | 146 Nm | 7.5% | 088N | 7.6%
T,=14 | 5022kW | 48% | 1.26 Nm | 6.0% | 0.78N | 5.9%

It should be noted that for any specific peak period, there is a
wide range of @ and 7y values that result in similar P, performance. Table
2 shows the changes of P, o, and o, along the contours shown in
Figure 12. This table does not show the relation of a specific weighting
to another, but rather a percent change in the metric from the minimum
to maximum value along the P, contour. This change suggests that for
any specific P, value, a focus can still be put on power maximization or
load minimization in the choice of @ and y, and that weighting function
optimization for the OSWEC based on P, is not absolute. These results
do, however, suggest that there is merit in adding a penalty term to the
MPC objective function to reduce loads on the system.
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Fig. 12 Contours from near-peak P, values for irregular waves
with peak periods 7),. Maximum P}, values are found
within each contour, but with a difference from the line
displayed.

CONCLUSION

This work has presented a control algorithm for a novel OSWEC that
offers the ability to balance the power absorption against the structural
loads on the system. An extended Kalman filter with unknown inputs

was used to estimate the wave excitation forces on the OSWEC. Using
the time history of the estimated wave excitation forces, an AR model
was defined and used to forecast the incident wave. The wave forecast
was then used in a MPC algorithm to define the torque at the PTO of the
OSWEC. The MPC algorithm uses an objective function that includes
penalty terms on the control actuation and the foundation forces of the
OSWEC. Analysis was done in regular and irregular waves to validate
the performance of this work’s proposed control system architecture.

The EKF-UI was first tested in regular waves to ensure accurate
tracking of the wave excitation force (7.s). It was found that, after an
initialization period, the errors between 7.5 as estimated by the EKF-UI
and 7,5 were near zero (Fig. 4). By applying the estimated wave force,
the incident wave forecast was accurate using an AR model (Fig. 5).
This response was expected, as the signal to forecast was simply a
sine wave. Finally, the performance of the MPC algorithm with and
without penalty weights, y and @, was evaluated in regular waves.
Near theoretical maximums were attained using the MPC without any
penalty weights. Expected behavior was observed by looking at the
contour plots created at different y and o values. As the weightings
were increased, power, torque, and foundation loads decreased. Using
this work’s definition of P, (Eq. 65), we found that an increase in
penalty weighting was associated with an increase of P, in regular waves.

The EKF-UI's performance in irregular waves was similar to its
performance in regular waves. With accurate tracking of 7,s, the AR
model provided adequate forecasting of the incident wave. Although
this forecast was imperfect, the controller performance was minimally
effected in shorter wave periods wherein the AR model was well defined.



It is possible that more accurate tuning of the AR model in longer
wave periods would provide power output values closer to those using
a perfect forecast. Consistent results were seen as the weighting terms
were increased in the MPC objective function. As with the regular
wave results, power, PTO torque, and foundation loads decreased as the
weighting terms were increased. The P, contours (Fig. 12) suggest that
it may be beneficial to include a weighting term on the MPC objective
function. In doing so, greater power is produced in comparison to
the loading of the OSWEC, possibly increasing the life or reducing
maintenance costs of the device.
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