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Abstract. The development of floating wind energy is necessary to expand offshore wind
energy to deeper waters. From a control perspective, floating wind turbines pose interesting
new challenges. Among these challenges is the mitigation of wave disturbances, which occur
above the bandwidth of the collective pitch feedback controller. Therefore, wave feedforward
control has been proposed, which uses a radar to estimate a preview of the wave loads acting
on the platform. To obtain optimally calibrated wave feedforward controllers of user-defined
complexity, this work proposes a data-driven approach that integrates model-based insights with
the iterative feedback tuning (IFT) algorithm. The approach balances rotor speed tracking and
platform pitching motion in its performance criterion. To assess the performance of the proposed
approach, the frequency response of the optimal wave feedforward controller is derived and
identified, and the IFT calibrated controllers are compared to this controller. It is shown that
the method is effective in calibrating the controller to a trade off between mitigating platform
pitching motion, and rotor speed tracking, and it is demonstrated that the data-driven controller
approaches the performance of the optimal controller.

1. Introduction
Wind energy has become the leading source of renewable energy in Europe. Over the next
decades, the total installed capacity for wind energy is planned to grow from the current
35 GW, to 60 GW in 2030, and 300 GW in 2050 [1]. To facilitate this growth, there is a need
for suitable installation sites for future wind farms. The majority of offshore sites in Europe
with favorable conditions to wind energy are located in areas with water depths exceeding
60 meters [2], where the installation of bottom-fixed wind turbines is uneconomical. Therefore,
to access these resources, floating wind turbines (FWTs) are crucial.

The control of FWTs poses new challenges. Compared to bottom-fixed turbines, FWTs have
the additional degrees of freedom of the floater. Concretely, the interaction of the platform
pitching motion with the collective pitch controller designed for bottom-fixed turbines results in
instability, and is referred to as the negative damping problem [3]. In addition, FWTs are subject
to wave disturbances, which are concentrated at higher frequencies than wind disturbances, and
are typically outside the bandwidth of the feedback controller.

As a result, there is a need to develop FWT controllers capable of mitigating higher-frequency
disturbances. To this end, wave feedforward control has been proposed, where the approach is
to use radar measurements of the incoming wave-field to estimate the wave loads that act
on the platform [4]. Currently, one data-driven approach that uses data-enabled predictive

https://creativecommons.org/licenses/by/4.0/
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control exists [5], and several model-based approaches have been proposed, e.g. [6, 7] and [8].
Both model-based, and data-driven approaches have drawbacks. The data-driven approach
requires solving a computationally expensive online optimization problem, and on the other
side, obtaining a good model for the model-based design of a wave feedforward controller is
challenging, as the dynamics of FWTs are the result of complex interactions of many degrees of
freedom.

The motivation of this work is to integrate model-based and data-driven techniques, by using
identification experiments on a simulator to design the structure of a parametric controller,
and use iterative feedback tuning (IFT) [9] to calibrate the parameters of this controller with
experiments on the real system. The benefit of this approach, is that model-based insights allow
to select a controller structure of limited complexity, and the IFT algorithm mitigates the effect
of modeling errors on the performance of the controller in a data-driven manner.

The contribution of this work is threefold. The first contribution is an approach for
obtaining wave feedforward controllers that integrates model-based and data-driven techniques,
and that yields an optimally calibrated controller of user-defined complexity. The second
contribution is that this approach is used to explore wave feedforward controller designs that
trade off rotor speed tracking performance, and the mitigation of platform pitching motion.
The third contribution is the derivation of an optimal wave feedforward controller with use of
frequency domain identification techniques, with which the accuracy of the proposed method is
demonstrated.

The remainder of this work is structured as follows. Section 2 provides the methodology of
this work, where first an optimal control problem is formulated, second, the controller structure
and parameterization is designed using identification experiments, and third, the IFT algorithm
is introduced. The results are presented in Section 3, and the paper is concluded in Section 4.

2. Methodology
The proposed approach to obtain an optimally calibrated controller of user defined structure
consists of two steps: 1) performing identification experiments on a high-fidelity simulator to
determine an appropriate controller structure, and 2) use IFT on the physical system to calibrate
the controller parameters. The motivation is that the optimal controller structure is assumed
to be consistent between a high-fidelity simulator and the physical system, as the governing
dynamics are modeled in the simulator. However, the optimal controller parameters can vary
between the simulator and the physical system, e.g. due to discrepancies in the true natural
frequencies and the natural frequencies of the model.

The objective of this work is to demonstrate that once a controller structure has been
determined, the IFT algorithm converges to the optimal controller calibration within a
reasonable number of iterations, and with experiments conducted under realistic environmental
conditions. To show this, both the identification, and the IFT step are performed on
the IEA 15MW turbine on the VolturnUS-S platform, simulated in the QBlade simulation
environment [10]. As an effect, there is no modeling discrepancy between the identification
experiments and the data-driven calibration, and hence the optimal controller parameters are
already obtained in the identification step. The knowledge of the optimal controller parameters
allows to perform a convergence study for the IFT algorithm. This is achieved by initializing
the algorithm with parameters that are randomly perturbed from their optimal value. With
this convergence study, the performance and accuracy of the algorithm is evaluated, and it is
shown that the IFT calibrated controller converges to close proximity of the optimally calibrated
controller, within reasonable time, and while subject to disturbances originating from turbulence
and waves.

The methodology of this work is graphically summarized in Fig. 1. It is illustrated that
the controller structure is determined using identification experiments and empirical transfer
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Figure 1: Overview of the methodology
of this work, illustrating that identifica-
tion experiments in controlled conditions
are used to obtain a controller structure
and parameterization, and to estimate
the optimal wave feedforward controller.
Next, the IFT algorithm is initialized
with random parameters, and calibrates
these parameters in realistic conditions.
The optimal controller, and the IFT cal-
ibrated controller are compared in a val-
idation experiment.

Figure 2: Schematization of the control architecture,
illustrating a floating wind turbine equipped with
a radar. The radar scans the incoming wave field
to estimate the moment d the waves exert on the
platform. From the turbine, the rotor speed ωr,
the platform pitch angle θy, and the tower top
velocity ẋ are measured. The turbine is controlled
with the collective pitch angle β, which is obtained
from the feedback controller CROSCO, and the wave
feedforward controller Cff. The wave feedforward
controller is calibrated by the IFT algorithm, which
uses the signal δ to perform excitation experiments.

function estimates (ETFEs), after which IFT algorithm receives the controller structure, and
calibrates the controller parameters. To obtain the optimal controller, the identification
experiments are conducted under controlled conditions. Several experiments are conducted
in which the dynamics induced by pitch actuation, wind disturbances and wave disturbances are
analyzed separately, and with no limitation on the experiment duration, thereby creating an ideal
environment for system identification. To test the performance of the IFT algorithm, the IFT
experiments are conducted under realistic conditions, by considering turbulent inflow, waves, and
with limited experiment duration. The IFT algorithm is initialized with random parameters,
and the result of multiple runs is compared to assess the convergence of the algorithm.

The remainder of this section is structured as follows. Wave feedforward control is defined as
an optimal control problem in Section 2.1, Section 2.2 covers the identification procedure, and
designs an adequate controller structure, after which Section 2.3 introduces the IFT algorithm.

2.1. Problem definition for wave feedforward control
This section provides a general analysis of wave feedforward control, and has the goal to condense
this into an optimal control problem. To obtain an optimal control problem, first the control
architecture, and the relevant signals need to be considered, which are shown in Fig. 2. In the
figure, an FWT is illustrated that is outfitted with a radar that scans the incoming wave field.
From the turbine, the rotor speed ωr, the platform pitching motion θy, and the fore-aft nacelle
velocity ẋ are measured, and the collective pitch angle β is available for control. The collective
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Figure 3: Block diagram of the system. The interconnection of the FWT and the ROSCO
feedback controller is abstracted to the transfer function matrix G ∈ C3×2. In turn, G is
partitioned as {Gv, Gd, Gβ} ∈ C2×1, which describe the dynamics from the wind disturbance,
the wave disturbance, and the feedforward pitch angle, to the rotor speed error and the
platform pitch motion, respectively. At the output of the system, the transfer function matrix
Wz(s) ∈ C2×2 provides frequency weighing, and outputs the performance channels z.

pitch angle is obtained by adding the output of the feedforward controller Cff, and the ROSCO
controller [11], which is used as feedback controller. The ROSCO controller uses the rotor speed
and the tower top velocity for feedback. The feedforward controller acts on an estimate of
the pitching moment exerted on the platform by the waves d. Recent work has shown that
this quantity can be accurately estimated from radar information [4, 12]. For the simulations
performed in this work, the pitching moment is assumed to be known, and the direction of
the waves is aligned with the wind direction.The feedforward controller takes the form of a
transfer function, and is parameterized by the parameter vector ρ ∈ Rn. This parameter vector
is subject to tuning by the IFT algorithm, which manipulates the signal δ to perform excitation
experiments.

For analysis purposes, Figure 3 abstracts the system into a block diagram. In this block
diagram, the turbine is represented by the linear time invariant (LTI) transfer function
matrix G(s) ∈ C2×3, which is partitioned into the three systems {Gv, Gd, Gβ} ∈ C2×1. These
systems describe the dynamics from the wind disturbance v, the wave disturbance d, and the
feedforward collective pitch signal βff, to the outputs of interest; the platform pitch angle θy
and the rotor speed tracking error ωe, respectively. Note that the ROSCO feedback controller is
included in these dynamics, and that these systems hence describe the closed-loop dynamics of
the turbine. At the output, the user defined filter Wz(s) ∈ C2×2 provides frequency weighing to
the outputs, to result in the performance channels z ∈ R2. Because wave disturbances generally
occur at higher frequencies than wind disturbances, the frequency weight is designed as

Wz(s) =
s2

s2 + 2ζwωws+ ω2
w

·
[
1 0
0 1

]
, (1)

where ζw = 0.7 and ωw = 0.3 rad/s parameterize a high-pass filter with a cut-in frequency
slightly below the lowest frequency in the wave spectrum. As a result, the contribution of wind
disturbances on the performance channels are mitigated. Using Fig. 3, the performance channels
are expressed as

z(t, ρ) = Wz

[
Gv Gd Gβ

] [
v(t) d(t) Cff(ρ)d(t) + δ(t)

]⊤
. (2)



The Science of Making Torque from Wind (TORQUE 2026)
Journal of Physics: Conference Series 3224 (2026) 082001

IOP Publishing
doi:10.1088/1742-6596/3224/8/082001

5

With the performance channels defined, it is possible to define the cost function

J(ρ) = E
[
z(t, ρ)⊤Wz(t, ρ)

]
≜ lim

T→∞

[
1

T

∫ T

0
z(t, ρ)⊤Wz(t, ρ)dt

]
, (3)

where E denotes the expected value, W is a weighting matrix, and the cost is a function of
the controller parameters. It is the interest of this work to calibrate feedforward controllers to
optimize a trade-off between the performance channels, therefore the weighting matrix is

W (α) =

[
α 0
0 κ(1− α)

]
, (4)

where α ∈ [0, 1] determines the trade-off between the channels, and κ = 0.2, is a fixed scaling
variable to ensure that the signals have the same order of magnitude. By optimizing this cost
function for various α, it is possible to investigate the trade-off between rejecting the wave
disturbance from the rotor speed, and from the platform pitching motion.

2.2. Identification for controller structure design
The objective of this section is to design an appropriate structure and parameterization for the
feedforward controller, such that this can be provided to the IFT algorithm. To this end this
section is divided in three subsections. Section 2.2.1 analyzes the cost function in the frequency
domain, and obtains an analytic expression for the frequency response of the optimal feedforward
controller in terms of the unknown system dynamics, and the performance weights. Section 2.2.2
identifies the required system dynamics, and uses these to compute the frequency response of
the optimal controller. Section 2.2.3 analyzes the obtained frequency response to design an
appropriate controller structure, and computes the optimal controller parameters given these
estimates, by solving a weighted least-squares problem.

2.2.1. The optimal non-parametric controller To derive the optimal frequency response,
observe that under mild assumptions the cost function has a frequency domain equivalent

J(α,Cff(jω)) = lim
T→∞

1

2πT

∫ ∞

−∞
Z∗
T (jω, Cff(jω))W (α)ZT (jω, Cff(jω))dω, (5)

which follows from Parseval’s relation, and where ZT (jω) denotes the Fourier transform of
z(t) based on a time window T , and (·)∗ denotes the complex conjugate transpose. Note that
the cost function is expressed as a function of the frequency response Cff(jω), rather than the
controller parameters, because it is the goal to obtain a non-parametric estimate of the optimal
frequency response. The benefit of treating the problem in the frequency domain, is that the
responses at different frequencies can be minimized independently, and the problem reduces to
a quadratic optimization problem which, under the assumption that v and d are uncorrelated,
has the closed-form solution

C̄ff(jω, α) =
[
G∗

β(jω)W(jω, α)Gβ(jω)
]−1

G∗
β(jω)W(jω, α)Gd(jω), (6)

where W(jω, α) = W ∗
z (jω)W (α)Wz(jω) is the frequency dependent weight, and the overline

denotes that this is the non-parametric optimal feedforward controller.



The Science of Making Torque from Wind (TORQUE 2026)
Journal of Physics: Conference Series 3224 (2026) 082001

IOP Publishing
doi:10.1088/1742-6596/3224/8/082001

6

−20

−30

−40

−50

−60

−70

M
ag

n
it

u
d

e
(d

B
)

α = 1

α = 0

0.4 0.5 0.6 0.7 0.8 0.9

Frequency (rad/s)

−180

−120

−60

0

60

120

180

P
h

as
e

(d
eg

) α = 1

α = 0

Bode Diagram of C̄ff(α) (deg/MNm)

Figure 4: Bode diagram of the optimal non-parametric feedforward controllers for varying α.
The difference in frequency responses is predominantly determined by a zero, which for α = 1
has a dominant presence in frequency response. The effect of the zero becomes smaller as α
tends to zero, and shifts to higher frequencies

2.2.2. Identification experiments From the derivation in the previous section it is clear that the
frequency response of the optimal feedforward controller is expressed as a function of Gβ(jω)
and Gd(jω). Therefore, following the method used in [6], frequency domain estimates of these
transfer functions are made with use of ETFEs. While [6] used this methodology to explore the
limit cases, i.e. α = 0 and 1, by using (6), this work also explores the trade-off by considering
intermediate values of α.

To estimate the frequency responses Gβ(jω) and Gd(jω), two experiments with a duration
of 50 · 103 seconds are simulated. First, to estimate Gd, the FWT is simulated with a constant
wind speed of 16 m/s, and with measured wave disturbances dexp1(t). Second, to estimate Gβ,
the FWT is simulated with constant wind speed, no wave disturbances, and where a chirp signal
fexp2(t), that is logarithmically distributed over the frequency range [0.01, 0.5] Hz, and with a
pitch amplitude of 2.5 degrees, is supplied to the channel δ to excite the collective pitch angle.
From these experiments, ETFEs are constructed as

Ĝd(jω) =
Zexp1(jω)D

∗
exp1(jω)

|Dexp1(jω)|2
, and Ĝβ(jω) =

Zexp2(jω)F
∗
exp2(jω)

|F ∗
exp2(jω)|2

, (7)

where Zexp1, Zexp2, Dexp2 and Fexp2 are the discrete time Fourier transforms of the performance
channels during both experiments, the wave moment, and the chirp signal, respectively.

2.2.3. The parametric controller The ETFEs of (7) are used in (6) to compute the optimal
non-parametric feedforward controller for different α. Using these non-parametric controllers,
a controller structure is designed in this section. A Bode diagram of the obtained frequency
responses is presented in Fig. 4, where only the frequency region where the wave disturbance
contains power is shown. The magnitude responses indicate that for α = 1, the response contains
a zero at approximately .57 rad/s. The effect of this zero becomes less dominant for smaller
α, and shifts to higher frequencies. This effect is also reflected in the phase response, which is
approximately −90◦ for low frequencies for all α, after which the phase responses diverge beyond
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the frequency associated to the zero. Based on these observations the controller structure is
designed as

Cff(ρ) = k

(
s2 + 2ωnζns+ ω2

n

s2 + 2ωdζds+ ω2
d

)(
s+ n

s+ p

)
, ρ = [k ωn ζn]

⊤, (8)

consisting of a gain k, a complex conjugate zero pair parameterized by a damping coefficient
ζn and natural frequency ωn, a low-pass filter parameterized by ζd and ωd, and a lead-lag filter
parameterized by n and p. From Fig. 4, the zero pair and the controller gain are identified as
the most important tuning parameters, and hence these parameters are included in ρ, and are
subject to tuning by the IFT algorithm. The lead-lag filter is manually tuned to facilitate the
−90◦ phase at low frequencies, and the low-pass filter is included to make the controller causal.

Finally, to provide a benchmark to the IFT calibrated controllers, the optimal controller
parameters given the estimates in (7) are computed by solving a weighted least-squares problem

ρopt(α) = argmin
∑
ω∈Ω

Sd(jω)
∥∥C̄ff(α, jω)− Cff(ρ, jω)

∥∥2
2
, (9)

where Sd(jω) is the power spectrum of d, and Ω denotes the discrete frequencies that are available
from the ETFEs.

2.3. Iterative feedback tuning
This section introduces the IFT algorithm, which is used to calibrate the controller parameters of
the controller designed in the previous section. The IFT algorithm is an iterative algorithm, that
facilitates an iterative gradient-based optimization scheme to calibrate the controller parameters.
The algorithm requires two experiments per iteration, which allow to make unbiased estimates of
the cost function, and the cost function gradient with respect to the controller parameters. With
this information a gradient-based optimization scheme is implemented to update the controller
parameters. While conventionally the algorithm is developed for a two degree-of-freedom control
structure, in this work only the feedforward controller is subject to tuning. For an elaborate
overview of the algorithm, the reader is referred to the work of H. Hjalmarsson in [9].

The iterative tuning procedure consists of three steps: 1) a first experiment to make an
estimate of the cost function for a given set of controller parameters, 2) a second experiment
to estimate the cost function gradient, and 3) an update of the controller parameters using an
optimization scheme, after which the procedure is repeated. To denote to which experiment,
and to what iteration a variable or signal belongs, this work adopts subscripts and superscripts,
such that zij originates from the jth experiment of the ith iteration. For clarity in notation, the
superscript is omitted whenever there is no risk of confusion.

2.3.1. First experiment This experiment collects signals from the system operating under
normal conditions. Hence, referring to (2), from this experiment

z1(ρ
i) = Wz

[(
GβCff(ρ

i) +Gd

)
d1(t) +Gvv1(t)

]
, (10)

is measured. Using these signals, a finite sample estimate of the cost function is made

ĴN (ρi) =
1

N

N−1∑
k=0

z1
⊤(k, ρi)Wz1(k, ρ

i), (11)

where N is the number of samples in the experiment. In this work, the experiment duration is
set to 60 seconds, and the sampling frequency is 40 Hz, resulting in N = 2400.
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2.3.2. Second experiment The second experiment estimates the gradient of the cost function
by performing an excitation experiment, and is hence referred to as the gradient experiment.
To this end, the algorithm uses the channel δ, see Figs. 2 and 3, to inject a signal at the process
input. To show how this is used to obtain the desired gradient estimate, (11) is differentiated
with respect to the controller parameters

∂JN
∂ρ

(ρi) =
2

N

N∑
k=0

∂z1
⊤

∂ρ
(k, ρi)Wz1(k, ρ

i), (12)

showing that to obtain the cost function gradient, the signal ∂z1/∂ρ is required. Therefore, (10)
is differentiated with respect to the controller parameters to obtain

∂z1
∂ρ

(ρi) =
∂Cff

∂ρ
(ρi)WzGβd1. (13)

By carefully looking at this equation, this shows that if the wave disturbance d1, that was
measured during the first experiment, is supplied at the input of the system, the desired gradient
signal is obtained by filtering the output with ∂C/∂ρ. Therefore, for the second experiment
δ2 = Kd1, which results in

z2(ρ
i) = Wz [Gdd2(t) +GβKd1(t) +Gvv2(t)] , (14)

where K = 0.01 deg/MNm, is a gain that provides appropriate scaling to the signals. The
gradient estimate is taken as

∂̂z1
∂ρ

(ρi, t) =
1

K

∂Cff

∂ρ
(ρi)z2(ρ

i, t)

=
∂z1
∂ρ

(ρi, t) +
1

K

∂Cff

∂ρ
(ρi)Wz [Gdd2(t) +Gvv2(t)] .

(15)

Notice that the disturbances during the gradient experiment corrupt the estimate, but that it
is unbiased under the assumption that all noise contributions are zero mean.

2.3.3. Optimization scheme Using the gradient estimate, a gradient-based optimization scheme
is implemented to update the controller parameters. Most generally, the parameter update law
is expressed as

ρi+1 = ρi − γiR(ρi)
−1 ∂̂J

∂ρ
(ρi), (16)

where γi is the step size, and R(ρi) is an approximation of the Hessian. Each of which will now
be briefly considered. For the Hessian approximation this work uses

R(ρi) = H(ρi) + µmax
(
diag

[
H(ρi)

] )
I, (17)

where µ = 10−3 is a regularization term to dampen the parameter update, and H(ρi) is the
Gauss-Newton approximation of the Hessian

H(ρi) =
2

N

N−1∑
k=0

∂̂zi1
∂ρ

⊤

(ρi, k)W
∂̂zi1
∂ρ

(ρi, k), (18)

which is constructed from the signals obtained during second IFT experiment. The step size
needs to recede as iterations progress to achieve asymptotic convergence. Therefore

γi =
η

i+ η
, (19)

which is a shifted version of the harmonic series. This work uses η = 5, which allows the
algorithm a larger step size in the earlier iterations.
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Figure 5: Pareto curve that indicates the possible trade-offs between performing wave
feedforward control for the mitigation of rotor speed variance or platform pitch motion. The
performance of the optimal controllers obtained with (9) are indicated with the black line, and
the performance of the IFT calibrated controllers is indicated with the diamond markers and
the ellipsoids. The center of the ellipsoids corresponds the mean of the eight cases considered,
and the region that corresponds to 1 and 2 standard deviations is indicated by the ellipsoids.

3. Results
To obtain the results, the IFT algorithm calibrates the controller for 50 iterations, after which a
validation experiment with a duration of one hour is performed to assess the performance of the
controller. Similarly, the controller obtained from (9) is validated with the same experiment.
All experiments are performed with a wind speed of 16 meters per second, and a turbulence
intensity of 10%. The wave field is generated according to the JONSWAP spectrum, with a
significant wave height of 8.1 meters and a peak period of 12.7 seconds.

To analyze the trade-off between mitigating the wave disturbance from the rotor speed, or
the platform pitch angle, the IFT algorithm is deployed for α ∈ [0.0, 0.1, 0.2, 0.4, 0.6, 0.8, 1.0]. To
evaluate the convergence of the algorithm, the algorithm is deployed eight times for each value
of α. For each of these simulations, a different wind field and wave field is randomly generated,
and the algorithm is randomly initialized by drawing parameters from a uniform distribution.
The results are presented in Fig. 5 and 6.

In Fig 5, The Pareto front between wave feedforward control for platform pitch and rotor
speed is illustrated. In the Pareto front, the normalized variances of the signals obtained from
the validation experiments are plotted. The black line indicates the performance of the optimal
controllers obtained in Section 2.2.3, and the performance of the IFT controllers are indicated
with the ellipsoids. The ellipsoids indicate the mean and the variances corresponding to 1
and 2 standard deviations, which are computed from the multiple IFT runs. Comparing the
IFT calibrated controllers to the optimal controllers shows that the IFT algorithm is capable
of attaining the performance of the optimal controller for the cases with a small rotor speed
variance. From the case α = 0.2 it is visible that it is possible to make a trade-off between the
performance channels, as for this case the platform pitch variance is reduced with approximately
20% without negatively affecting the variance of the rotor speed. Furthermore, it is visible that
in all cases the platform pitch variance improves compared to performing feedback control only.
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Figure 6: Time domain and frequency domain comparison of the IFT calibrated controllers for
α = 0 and α = 1, to the ROSCO controller. The frequency region where the wave disturbance
contains power is highlighted. In the frequency domain plots, the mean of the PSDs is plotted,
and the shaded area illustrates the spreading in performance between the eight IFT controllers,
and corresponds to one standard deviation.

In Fig. 6, the time and frequency domain responses of the IFT calibrated controllers
corresponding to α = 0 and α = 1, are compared to the case where only feedback control
is performed. Next to the rotor speed and platform pitch motion, also the collective pitch angle
and the out of plane (OoP) blade root bending moment are considered. From the figure it is
clear that the IFT calibrated controllers are effective at mitigating the wave disturbance from
the performance channel they were designed for. The figure indicates that performing wave
feedforward control to reduce rotor speed variation shows a modest increase in actuation effort,
and a decreased OoP blade root bending moment. Performing wave feedforward control to
reduce platform pitching motion is effective, but requires high pitch actuation effort, and the
pitch controller occasionally exceeds the pitch rate limit of 2 deg/s. Furthermore, this controller
shows a significant reduction in the rotor speed tracking, and increased OoP blade root bending
moments.

4. Conclusion
This work presented an approach to obtain wave feedforward controllers that combines model-
based insights, with data-driven controller calibration with the IFT algorithm. Thereby
allowing to obtain optimally calibrated data-driven wave feedforward controllers of user defined
complexity. It is concluded that the IFT algorithm accurately calibrates the wave feedforward
controllers to a performance criterion that balances rotor speed tracking, and platform pitch
motion. Furthermore, it is clear that a trade-off between rejecting the wave disturbance from
rotor speed, and the platform pitch motion is possible: the variance of either the rotor speed or
the platform pitch motion can be decreased with 25% without negatively affecting the variance
of the other performance channel. The feedforward controller calibrated to reject the wave
disturbance from the platform motion requires significant pitch actuation, and has detrimental
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effects on the OoP blade root bending moment and the rotor speed response. Therefore, it is
concluded that the wave feedforward controller is best suited to reject the wave disturbance from
the rotor speed, or to control a balanced trade-off between rotor speed tracking and platform
pitching motion.
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