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Subspace Predictive Repetitive Control for Wind Turbine Load
Alleviation using Trailing Edge Flaps
S.T. Navalkar, J.W. van Wingerden, E. van Solingen, T. Oomen and G.A.M. van Kuik
Abstract— A novel Subspace Predictive Repetitive Control
(SPRC) methodology is presented and used to control trailing
edge flaps for wind turbines. First, the dynamics of the wind
turbine are identified online. This is especially important for
trailing edge flaps on a large wind turbine, where a local
change in wind conditions can result in significantly altered
aerodynamics. Next, a repetitive control (RC) law is formulated
for the multivariable problem from the identified dynamics, that
guarantees stability when the identification converges to the
true system parameters. This is done in a lower-dimensional
basis-function subspace, which reduces computations and gives
high control over the shape of the actuator signal. The SPRC
methodology is validated in a high-fidelity wind turbine simulation environment.

I. I NTRODUCTION
Recent research has shown significant potential to mitigate
wind turbine loads, by modifying the flow around wind
turbine blades, for instance by using Individual Pitch Control
(IPC) [1]. However, IPC requires a drastic increase in the
pitch duty cycle and is incapable of high frequency load
mitigation. Attention has hence recently been focussed on
aerodynamic flow control via active flaps located at the
trailing edge of wind turbine blades [2], [3]. While IPC
techniques have been applied to trailing edge flap control
and show load reduction potential, the periodic nature of
wind load signals is considered in formulating the control
law. Exploiting the structure in wind turbine loading in a
multivariable manner can lead to enhanced performance of
flap control.
Iterative Learning Control (ILC) and Repetitive Control
(RC) are designed to achieve asymptotic rejection of perodic disturbances and have been widely used since their
introduction [4]. Here, the optimal feedforward sequence to
suppress periodic loading is learnt using the information
obtained during the previous periods or ‘iterations’. The
design and (robust) stability and performance criteria for
learning control is given in [5].
Learning control yields an optimised control input, which
can be parameterised using basis functions [6], [18]. This is
advantageous since it allows precise control over the smoothness of the actuation signal, improving actuator reliability; a
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critical issue for rotors instrumented with flaps. Sinusoidal
basis functions were used successfully for turbine flap control
for a scaled non-pitchable rotor in [3].
Despite learning control being substantially robust to
model uncertainty [5], traditional implementations require an
(approximate) plant model as a starting point. Wind turbine
dynamics change with location and manufacturing errors,
hence a model thereof with a good uncertainty description
may be difficult to arrive at. Further, flaps modify local flow
characteristics and their control authority is closely coupled
with local wind condition changes. This motivates a modelfree algorithm for flap control. Offline system identification
and other data-driven techniques have been used before for
ILC [7], [8]. The SPRC (Subspace Predictive Repetitive
Control) methodology for online identification and RC implementation was introduced in [17] and applied for wind
turbine IPC, and the current paper may be considered an
extension thereof.
The key contribution of this paper is flap control using RC
in a fully multivariable data-driven manner, in the presence
of a traditional collective pitch and torque controller. The
SPRC framework from [17] is modified for flap control, and
is shown to be desirable as it adapts to changes in local
dynamics. Despite the severely reduced control authority of
the flaps as compared to IPC, both identification and control
has been shown to be possible using SPRC.
The outline of the paper is as follows: in Section I, the
need for SPRC is motivated. In Section II, the simulation
environment and reference turbine are briefly described.
Section III sets up the theoretical framework for SPRC. This
is validated in Section IV and the conclusions are discussed
in Section V.
II. W IND TURBINE SIMULATIONS IN GH B LADED TM
The SPRC control strategy was tested in GH BladedTM
4.0, a high-fidelity numerical prototyping environment for
wind turbines. This software has been validated using experimental data and used for control strategies for wind
turbines with trailing edge flap actuators [10]. Bladed uses
a multi-body representation of the wind turbine, with the
blades and the tower modelled as flexible bodies. The wind
turbine interacts with a full 3D turbulent wind field. The
blade element momentum theory [11] is used with wake and
dynamic stall corrections to define this interaction.
The turbine used for simulations was the INNWIND
10 MW reference turbine [12], described in Table I. Flaps
of length 10 m are considered to be installed on the turbine
starting at a station 71 m outboard along the blade length,

4422

TABLE I: Innwind D121 Reference Wind Turbine [12]
Description

Symbol

Value

Rated power
Rotor diameter
Cut-in wind speed
Rated wind speed
Cut-out wind speed
Rated rotational rotor speed
Gearbox ratio
Pitch-rate limit

Prated
dro
vcutin
vrated
vcutout
Ωro
ν
θ̇limit

10 MW
178.3 m
4 m/s
11.4 m/s
25 m/s
9.6 rpm
50.0
10◦ /s

on all three blades. The flaps are considered to produce a
lift increase of 10% for every 3◦ increase in flap angle.
This value was chosen in order to provide adequate realistic
control authority for SPRC flap control. A baseline controller
for the wind turbine has been designed as per [13], where a
basic treatment of the components of the control system of
a wind turbine is also given.
This baseline controller for a commercial wind turbine
may also address load reduction by adding damping to
structural modes. However, the most significant dynamic
loading component experienced by the wind turbine occurs
at frequencies corresponding to the rotor speed (1P) and its
harmonics (2P, 3P, ...). These loads arise due to wind shear,
rotational sampling of turbulence and tower shadow, but are
not addressed by the baseline controller. So, an RC controller
is set up for a period corresponding to 1P in order to address
these loads. This is formulated in the next section.
III. S UBSPACE P REDICTIVE R EPETITIVE C ONTROL
A. Problem Formulation
As motivated in Section I, an ideal controller for flap
control would be able to target periodic loads, adapt online to
changes in the dynamics and produce smooth actuation signals. This can be achieved by the SPRC framework described
in [17], which is adapted for flap control in this section.
The aim of the controller is to identify system dynamics
from turbine input-output data and implement a learning
control law based on the identified dynamics, which yields
an optimal feedforward sequence to address periodic turbine
loads. The steps required for this controller formulation are
outlined below.

In this step, the output of the system is predicted over one
period, so that it can be minimised over the control horizon.
A wind turbine can be approximated by an LTI (linear, timeinvariant) system with periodic disturbances [3]:

yk

= Axk + Buk + Edk + Kek

(1)

= Cxk + Duk + Fdk + ek

(2)

In the predictor form, this is given by:
xk+1
yk

δ yk = yk − yk−P ,

= Ãxk + B̃uk + Ẽdk + Kyk

(3)

= Cxk + Duk + Fdk + ek

(4)

δ dk = dk − dk−P = 0

It is to be noted that the wind turbine is assumed to be
operating at a wind speed above its rated value, where most
of the fatigue damage takes place. In this operational region,
the rotor speed is held constant by the baseline controller
and the value of the period P is hence also almost constant
over time. Applying the δ operator to the system (3) - (4),
dk disappears:
δ xk+1
δ yk

= Ãδ xk + B̃δ uk + Kδ yk

(5)

= Cδ xk + Dδ uk + δ ek

(6)

For RC control, the output has to be predicted over one
period, in order to minimise the predicted error. Such a
predictor is given here, but it should be noted that the system
matrices herein are unknown. The differenced state is:
"
#
(P)
h
i
δUk
(P)
(P)
P
δ xk+P = Ã δ xk + Ku , Ky
(7)
(P)
δYk
where the stacked vectors are defined as:

uk − uk−P
 uk+1 − uk+1−P

(P)
δUk = 
..

.







uk+s−1 − uk+s−1−P
(P)

B. Step 1: Predictor Definition

xk+1

where xk ∈ Rn is the state vector. The control input uk ∈ Rr
consists of the three flap deployment angles. The output
load vector is yk ∈ R` ; the blade root out-of-plane moments.
The signal dk ∈ Rm represents the periodic component of
the loading at the blade root. As stated earlier, the period
of the disturbance is taken equal to rotor speed, P. The
aperiodic component of loading is given by ek ∈ R` . The
system matrices A, B, E, Ã, B̃, C, D, K, Ẽ, F are unknown
and have the correct dimensions. The exact size of the state
vector, n is unknown; it is, however, assumed to be much
smaller than the period of the disturbance, P.
The system matrices are not constant in practice, on
account of non-linearities caused due to effects like changes
in the local flap angle. For brevity, the dependence of the
system matrices on time k and other parameters has not been
explicitly stated in the notation.
To eliminate dk , a periodic difference operator δ is defined:

and a similar vector δYk
controllability matrices are

(P)
Ku = ÃP−1 B̃,

(P)
Ky = ÃP−1 K,

for the signal yk . The extended
defined as:

ÃP−2 B̃, . . . , B̃

ÃP−2 K, . . . , K

It is assumed now that Ã j ≈ 0 for all j ≥ P. In [14] it is shown
that if the system in (3)-(4) is stable, the approximation error
is small for a sufficiently large P. Here, it is assumed that
the predictor form (3)-(4) is stabilised by the presence of K.
Thus:
"
#
(P)
h
i
δUk
(P)
(P)
δ xk+P ≈ Ku , Ky
(8)
(P)
δYk
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For repetitive control, the output is to be predicted over P
and hence the output equation is lifted:
#
"
(P)


δU
(P)
k+P
δYk+P = Γ̃(P) δ xk+P + H̃ (P) , G̃(P)
(9)
(P)
δYk+P
As this is a predictor, the white noise sequence δ ek is
omitted. Substituting (8) in this equation:
"
#
(P)
h
i
δUk
(P)
(P)
(P)
(P)
(P)
δYk+P ≈ Γ̃ Ku , Γ̃ Ky
(P)
δY
" k #
 δU (P)

k+P
(10)
+ H̃ (P) , G̃(P)
(P)
δYk+P
H̃ (P)

Here, the Toeplitz matrix
is

D
0
 CB̃
D

 CÃB̃
CB̃


..
..

.
.

P−1 B̃ CÃP−2 B̃
C
Ã
H̃ (P) = 

 0
CÃP−1 B̃

 0
0


..
..

.
.
0

0

defined as:
0
0
D
..
.

···
···
···
..
.

CÃP−3 B̃
CÃP−2 B̃
CÃP−1 B̃
..
.

···
···
···
..
.

0

···



0
0

0

.. 
.

0

0

0

.. 
.
D

horizon, estimate recursively the set of Markov parameters
Ξ that uniquely define the system (1)-(2), given by:
i
h
(13)
Ξ = CKu(P) , CKy(P)
To minimise interference in the regular operation of the
turbine, it is desirable to perform this identification in closedloop, online and recursively.
This regression problem is stated mathematically below.
If the differenced output is given by:
#
"
(P)
δUk
(14)
δ yk+P = Ξ
(P) + δ ek
δYk
compute the matrix Ξ, recursively, at every k, as:
"
#
(P)
∞
δUk
Ξ = arg min ∑ δ yk+P − Ξ
(P)
Ξ
δYk
k=0

2

(15)
2

(P)
(P)
[(δUk )T , (δYk )T ]T

For a unique solution, the matrix
should have full rank at all k and hence the control input is
required to be persistently exciting of a sufficiently high order. For the recursive implementation, the adaptive forgetting
factor technique from [15] is used. At time k, an estimate of
the Markov parameters is available:
i
h
(P−1) B̃ · · · D̂ C\
c
(16)
Ξ̂k = CÃ\
ÃP−1 K · · · CK
k

Replacing Ã by A and B̃ by B, the matrix H (P) can be defined.
To obtain G̃(P) and G(P) , B̃ and B are replaced both by K.
The extended observability matrix, Γ̃(P) is defined as:


(11)
(Γ̃(P) )T = CT , (CÃ)T , . . . , (CÃP−1 )T , 0T , . . . , 0T
The matrix Γ(P) can be defined by replacing Ã by A. The
(P)
matrices Γ̃(P) K∗ in (10) are given by:


CÃP−1 B̃ CÃP−2 B̃ · · ·
CB̃

0
CÃP−1 B̃ · · ·
CÃB̃ 


(P)
(P)
Γ̃ Ku ≈ 

..
.
.


.
.
P−1
0
CÃ B̃
(P)
Γ̃(P) Ky .

These
A similar expression can be generated for
matrices, and the Toeplitz matrices above, need to be identified online. From the first block row of (10):
#
"
(P)
i
h
δUk
(P)
(P)
(12)
δ yk+P = CKu , CKy
(P)
δYk
i is available, the matrix of coefficients
h If input-output data
(P)
(P)
can be estimated. This matrix contains
CKu , CKy
the information required to construct the Γ̃(P) K (P) and the
Toeplitz matrices. Hence, the regression problem constituted
by (12) is to be solved in the next step.
C. Step2: Identification
In this step, the system parameters are identified online,
so that the control law can be formulated based on these
parameters. The identification problem is: given the input
sequence uk and the output sequence yk available over a time

By partitioning and rearranging the matrix Ξ̂k the matrices
\(P)
(P)
(P)
can be created.
and G̃ˆ
(Γ̃(P) K ) , H̃ˆ

\(P)
(Γ̃(P) Ku )k ,

y

k

k

k

The period P is not perfectly constant over time, as has
been assumed earlier. In the implementation, the incoming
data is resampled such that the stacked vectors always span
one full period. This leads to approximation errors during the
identification. It is expected that these errors are bounded and
small in magnitude due to the action of the speed controller.
It is also assumed that the RC control is adequately robust
to compensate for the errors.
D. Step3: Infinite Horizon Repetitive Control
In this step, the repetitve control law to minimise the
output (error) is formulated based on the system parameters
obtained in the last step. Repetitive Control involves the
implementation of a feedforward sequence which is updated
once every period, based on the error signal over the previous
period. For this, the formulation of an ILC law with basis
functions [6] is extended to RC. The general RC law has the
form:


δxj
θ j+1 = αθ j + β
ε j−1
with

(P)

Uk

= Uf θj

Here, j is the iteration number (or number of periods
elapsed). To control the shape of the actuation signal, the
input and output are parameterised by projection onto a
subspace spanned by basis function vectors. Here, θ j is the
projected input. The projection matrix is:


U f = φ0 , φ1 , · · · , φb
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where each φi ∈ Rr is a basis vector and b ≤ r, and typically
b is much smaller than r. For U f = Ir×r the ”traditional” RC
controller with a full-dimensional input space is recovered,
thus traditional RC can be considered a special case of RC
with basis functions.
The change in the input sequence, is a function of the new
initial state of the system δ x j and the disturbance rejection
error ε j−1 . The term β ∈ Rb×(n+`) is the learning gain, and
the term α is a Q-filter (a similar ILC law is given in [5]).
A repetitive control law is needed to obtain the input that
minimises the predicted vibration output, over an infinite
horizon. An infinite horizon ensures closed-loop stability
when the true system parameters are identified in the previous step. The predictor from (10) is restated here, using
estimated system matrices:
"
#
(P)
i
h
δU
(P)
\
\
k
δYk+P = (Γ̃(P) Ku(P) ) , (Γ̃(P) Ky(P) )
(17)
(P)
k
k
δYk
#
"
i δU (P)
h
(P)
(P)
k+P
+ H̃ˆ k , G̃ˆ k
(P)
δYk+P
(P)
(P)
(P)
Using the equalities (I − G̃ˆ k )−1 H̃ˆ k = Ĥk and
(P)
(P) −1 ˆ (P)
ˆ
(I − G̃k ) Γ̃k = Γ̂k , this reduces to:
#
"
(P)
i
h
δU
(P)
\
\
k
δYk+P = (Γ(P) Ku(P) ) , (Γ(P) Ky(P) )
(P)
k
k
δYk
(P)

(P)

+Ĥk δUk+P

(18)

(P)

To penalise the absolute output, δYk+P is expanded:
 (P) 
i δUk
h
 (P) 
(P)
\(P)
\(P)
Yk+P = (Γ(P)
Ku )k , (Γ(P) Ky )k , IP`  δYk 
(P)
Yk
This equation is recast into an LQ form such that a statefeedback controller can be synthesised [17], which guarantees stability if the true system parameters are estimated:

 


IP`
(ΓKu )k−P (ΓKy )k−P
Yk
Yk−P
δUk  = 0Pr×P`
0Pr
0Pr×P`  δUk−P  (19)
δYk
δYk−P
0P`
(ΓKu )k−P (ΓKy )k−P
| {z } |
{z
} | {z }
Xj

Aj

A¯j


  †
U f Hk−PU f
Ȳ j−1


Ibr
× δ θ j−1  + 
δθj
†
δ Ȳ j−1
U f Hk−PU f
| {z } |
{z
}


X¯j

(20)

B̄ j

For the RC law, the weighted norm of Ȳk over an infinite
horizon is to be minimised. Thus, the cost criterion is:
∞

J=

∑ ||(X¯j+1 )T Q f X¯j+1 + (δ θ j )T R f δ θ j ||22

(21)

j=0

where Q f and R f are user-defined LQR style weighting
matrices for weighting the extended state and input in (20).
The SPRC problem is now similar to the LQR problem
formulation, the difference being that SPRC involves lifting
the system over one period P and projecting the input-output
signals onto a basis function subspace. The state feedback
gain K f can be obtained by solving the SPRC problem (21),
using this similarity. The discrete algebraic Riccati equation
(DARE) is solved online to obtain the optimal state feedback
gain. This is done by assuming an initial estimate of PR, j ,
the positive definite solution to the DARE obtained online,
and then updating it using the DARE iteratively:

and the state feedback gain K f , j is then:

+Ĥk δUk+P

X j+1

X¯j+1


U f† (ΓKy )k−PU f

0br×b`

†
U f (ΓKy )k−PU f
}

PR, j+1 = Q f + A¯jT (PR, j − PR, j B̄ Tj (R f
+B̄ Tj PR, j B̄ j )−1 B̄ Tj PR, j )A¯j

(P)

(P)



Ib`
U f† (ΓKu )k−PU f
Ȳ j

δ θ j  = 0br×b`
0br
†
δ Ȳ j
0b`
U f (ΓKu )k−PU f
| {z }
|
{z




Hk−P
+  IPr  δUk
Hk−P
| {z }
Bj

where the stacking superscripts and estimate notations have
been dropped for brevity. Also, A j and B j are taken to
be functions of the iteration number j since it is deemed
adequate to update them every iteration instead of once every
time step. The input and output is now expressed as a linear
combination of the basis functions, by the transformations
(P)
(P)
Uk = U f θ j and Ȳ j = U f†Yk , where the † symbol indicates
the pseudo-inverse of a matrix. Thus, (19) becomes:

K f , j = (R f + B̄ Tj PR, j B̄ j )−1 B̄ Tj PR, j A¯j
With this control law, the control input over the next period
is given by:
 (P) 
Y
 k 
(P)
δUk+P = U f K f , jU f† δUk(P) 
(22)
(P)
δYk
The implementation with sinusoidal basis functions is shown
in Fig. 1. In place of a fixed U f matrix, the output is
synthesised online using the rotor azimuth, making the
method robust to speed variations. A convergence proof for
this adaptive law is not given, however if the estimation error
in the identification is small and the parameters vary slowly,
the LQ formulation should yield a stabilising controller. With
different wind fields and initial estimates, the method shows
good convergence properties in simulations.
Thus, an adaptive control law to reduce periodic loads
using wind turbine flaps has been formulated, and will be
validated in the next section.
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Ȳj

Memory

Ȳj

-

Ȳj-1

Uf†

- θj-1

δθj

+

Kf

+

θj

δȲj
Uf

Memory

[sinϕ, cosϕ,… sin nϕ, cos nϕ]

RC

uk
Flap Angles

Yk(P)

φ
Azimuth

Wind Turbine Baseline
System (Plant)

Yk(P) = [yk-PT yk-P+1T … ykT]T

Stacking

yk
Loads

Fig. 1: RC implementation, corresponding to Eq. (22)

Learning of SPRC controller over time

IV. S IMULATION STUDY

160

The simulation environment and wind turbine used for
validating SPRC are described in Section II. A baseline controller is designed for this turbine for speed control, using the
paradigm followed for commercial wind turbine controllers.
The SPRC controller for flap control, as described above, is
then used with this closed-loop baseline controlled turbine.
A mean wind speed of 18 m/s is chosen for the simulations,
as this corresponds to relatively high turbine loads and a
relatively high probability of occurrence at a typical wind
turbine site. A zero-turbulence case is considered, in order
to understand the behaviour of the controller in an idealised
scenario. The turbine simulation is run for 800 seconds.
For wind turbine loading, most of the energy is concentrated at 1P and 2P [1], where 1P refers to the rotor speed,
and 2P is twice the rotor speed. Hence, the basis functions
are chosen to be sinusoidal, with frequencies 1P and 2P:


sin(2π/P), cos(2π/P), sin(4π/P), cos(4π/P)
sin(4π/P), cos(4π/P), sin(8π/P), cos(8π/P)


Uf = 

..
..
..
..


.,
.,
.,
.
sin(2π),

cos(2π),

sin(4π),

cos(4π)

It is seen that the identification algorithm is able to arrive
at a close approximation of the Markov parameters in 120
seconds, or 19 iterations. This can be seen in Figure 2, where
the quality of the estimate is measured in terms of variance
accounted for (vaf) [9]. After the identification exceeds 90%
vaf, the persistency of excitation is artificially switched off;
hence the vaf does not improve further. An RC law is
calculated online from the identified Markov parameters and
it converges quickly to the required optimal feedforward
sequence. Within 180 seconds or 28 iterations, the learning
law converges to a stable feedforward flap signal that reduces

140
Norm of identified parameters
Std dev of blade loads over baseline

120
100
80
60
40
20
0

0

100

200

300

400
500
Time [s]

600

700

800

Fig. 2: Identification algorithm convergence and repetitive
control law convergence over time: wind speed 18 m/s and
0% turbulence

the blade dynamic loading to 20% of its baseline value in
this idealised case.
For more realistic results, the model is tested with an
SPRC controller for a wind field of mean wind speed 18
m/s and turbulence intensity 3.75%. This cases has increased
variations in the generator rpm, but SPRC is expected to
be robust to these variations. The reduction in the blade
root out-of-plane loads can be seen in Figure 3; the load
is reduced by 12.4%. Since 1P and 2P sinusoidal basis
functions are used, dynamic load reduction is obtained at
these frequencies. Further, similiar to the results of IPC [1],
flap control also has a collateral effect of load reduction on
stationary components, as evidenced by the tower side-side
loading results in Figure 4. The mean of the tower loading
reduces by 6.3%.
The flap actuation signal is shown in Figure 5. It can be
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Fig. 3: SPRC achieves blade load reductions at 1P and 2P
frequencies: wind speed 18 m/s and 3.75% turbulence

Fig. 5: SPRC flap actuation signal, for wind speed 18 m/s,
3.75% turbulence
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Fig. 4: SPRC achieves mean tower side-side load reduction:
wind speed 18 m/s and 3.75% turbulence

seen that it has frequency content only at the 1P and 2P
frequencies, as dictated by the sinusoidal basis functions.
Finally, there is a slight increase in the pitch duty cycle
as compared to the baseline. This is because the flap action
tends to raise rotational speed variations, which are counteracted by collective pitch action. However, the pitch demand
is still an order of magnitude lower than that demanded by
IPC.
V. C ONCLUSIONS AND FUTURE WORK
The SPRC paradigm presented in this paper combines
many of the desirable qualities for a wind turbine controller
for trailing-edge flaps and other non-traditional actuators.
It is seen that the adaptive control law is able to identify
system parameters online, from zero a priori knowledge of
the system. Further, a feedforward sequence is learned by the
controller to alleviate periodic loading of the wind turbine,
which would be optimal for the case of perfect system
identification. Finally, the actuation signals are precisely
controlled in terms of frequency content using basis functions
to enhance durability of the flap actuator. The inherently
multivariable nature of SPRC implies that IPC can also be
included in the algorithm, in order to obtain the best tradeoff between flap and pitch control. Further, it is also possible
to add hard constraints to the optimisation problem, an important characteristic for control of non-traditional actuators.
Future work is expected to consist of these extensions, and
their validation in a full turbulent environment.
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