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Abstract: The development of the Light Detection and Ranging (LIDAR) technology has enabled
wider options for wind turbine control, in particular regarding disturbance rejection. The LIDAR
measurements provide a spatial, preview wind information, based on which the controller has a
better chance to cope with the wind disturbance before it affects the turbine operation. In this paper,
a model predictive controller for above-rated wind turbine control was developed with the use of
pseudo-LIDAR wind measurements data. A predictive control algorithm was developed based on a
linearised wind turbine model, in which the disturbance from the incoming wind was computed by
the LIDAR simulator. The optimal control action was applied to the nonlinear turbine model. The
developed controller was compared with the baseline control and a previously developed LIDAR-
assisted control combining a feedback-and-feedforward design. Our simulation studies on a 5 MW
nonlinear wind turbine model, under different wind conditions, demonstrated that the developed
LIDAR-based predictive control achieved improved performance in the presence of small variations
in the out-of-plane rotor torque and fore-aft tower acceleration, as well as a smoother generator speed
regulation and satisfied pitch activity control constraints.

Keywords: wind turbine control; LIDAR wind information; model predictive control (MPC)

1. Introduction

With the increased demand on effective power generation and reduced production
cost, large-scale wind turbines have become popular in the modern wind industry [1]. Large
wind turbines have higher energy capture capacities and, therefore, a higher requirement
of power conversion efficiency. Components in large turbines are often made of flexible
materials. However, the turbulent wind conditions experienced by large turbines can cause
serious fatigue damages to the turbines and require load reduction control, especially for
the above-rated operations.

Conventional wind turbine control systems often use a feedback control scheme, in
which proportional–integral (PI) or proportional–integral–derivative (PID) controllers are
designed in response to sensor signals such as the generator speed and/or the tower head
acceleration [2–5]. The PI and PID control designs can achieve a satisfactory energy capture
performance. In addition, load reduction strategies have been developed, including the
damping of resonances on the drivetrain and tower, which results in load reduction at
specific frequencies [6–8], and the alleviation of rotor asymmetrical loads through indi-
vidual pitch control (IPC) or individual blade control (IBC) [9–11]. There is an inherent
delay problem with feedback control designs, that is, the controller can only respond to
changes measured and transmitted via feedback. This means the controller can only make
responses after the turbine has been affected by the turbulent wind. New methods need to
be developed to reduce the impact of such delays in standard feedback control.

A Light Detection and Ranging (LIDAR) equipment mounted on the turbine nacelle or
hub functions by emitting laser beams to scan the approaching wind field and thus obtain a
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spatial preview wind information that could be utilised to enhance the wind turbine control.
Various LIDAR-assisted wind turbine control designs have been developed including the
combined feedback/feedforward control, the preview control and the model predictive
control (MPC).

The combined feedback/feedforward control, called FB-FF in this paper, was proposed
for LIDAR-assisted control [12,13]; in it, a feedforward channel is introduced to compensate
the wind disturbance by using the LIDAR-measured wind speed. In a standard FB-FF
control scheme, an inversion of the wind turbine model is required, which causes unstable
dynamics due to the right-half-plane zeros in the model. Therefore, a stable approximation
of the model inversion is needed. A non-causal series expansion method for the stable
approximation was developed in [14]. Variations of FB-FF control designs were developed.
In [15], a preview control scheme using an H-infinity method was developed based on
LIDAR wind measurements. An adaptive expansion of the FB-FF control was developed
in [16], where the controller was designed to deal with the highly non-linear turbine
dynamics using the filtered-x recursive least-square algorithm. In [17], a multivariable
FB-FF controller was designed for the transition between partial and full load operations
and assisted both the generator torque control and the blade pitch control of the baseline
feedback controller.

While most of the designs were implemented through generator torque and blade
pitch control, LIDAR-based augmentations on yaw control for energy capture and/or load
reduction purposes were also investigated [18–20].

MPC has been used in wind turbine control for a range of operational and economical
objectives, leading to the scheduled MPC for full operation modes [21], economic MPC
strategies [22,23], and the MPC with aero-elastically tailored blades [24]. LIDAR-based
wind turbine MPC designs were also presented in various studies with the use of linear
and non-linear methods. In [25], an MPC design with a particular focus on rotor speed
constraints was proposed, assisted by LIDAR-measured wind speed information. In [26],
a LIDAR-based MPC for wind turbine was developed, where the computational cost of
the controller was taken into consideration to assess the control performance. A non-linear
MPC design using LIDAR was proposed in [27], in which the generator torque and the
blade pitch angle were controlled simultaneously.

In the MPC of wind turbine control, the model prediction is influenced by the wind
speed. LIDAR measurements provide preview information of the incoming wind speed,
which can be processed to enhance MPC strategies. The potential of integrating LIDAR
wind information into MPC needs to be further explored for industrial-scale turbines. In this
work, we aimed to develop a LIDAR-based MPC for the above-rated turbine control and
make a comparison with the baseline control and the previously developed LIDAR-assisted
FB-FF design. The remaining part of the paper is organised as follows. Section 2 describes
the design and simulation environments including the pseudo-LIDAR data generation,
the wind turbine model and the baseline controller. The proposed LIDAR-based MPC
controller design is presented in Section 3. Simulation studies and results are discussed in
Section 4. Finally, the conclusions are reported in Section 5.

2. Design and Simulation Framework

In this section, key elements of the LIDAR-assisted wind turbine modelling and
baseline control are presented.

2.1. LIDAR Data Generation

The pseudo-LIDAR data used in this work were generated from Bladed [28]. The
original data were used to construct a turbulent wind field. The modelling details were
presented in our previous publication [29]. The generated wind field had three directional
components. By re-selecting the wind incoming direction and employing the designed
sampling strategy, the pseudo-LIDAR wind measurements on a scanning plane could be
derived. The wind field was then converted into a rotor effective wind speed, for control
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design purposes, by averaging the wind speed points over the rotor plane. This data
generation process is called LIDAR simulator in the following sections.

2.2. Wind Turbine Model
2.2.1. Model Configuration

The 5 MW Supergen Exemplar wind turbine model [4] was used in this work. The
model configuration is shown in Figure 1. It contains the necessary components for a
modern MW-scale wind turbine, some of which are briefed in the following subsections.
More details can be found in [4,30,31]. The model describes a variable-speed pitch-regulated
wind turbine. During below-rated operations, where the wind speed is between the cut-in
speed and the rated speed, the generator speed of the wind turbine can be regulated to
achieve the maximum energy capture. During above-rated operations, where the wind
speed is between the rated and the cut-out level, the pitch angle of the blades can be
regulated to maintain the rated power output. The basic parameters of the wind turbine
model are shown in Table 1.
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Table 1. Main parameters of the 5 MW Supergen exemplar wind turbine model.

Rotor Radius 63 m

Hub Height 90 m

Minimum Generator Speed 70 rad/s

Maximum Generator Speed 120 rad/s

Minimum Pitch Angle 0 Radian (0◦)

Maximum Pitch Angle 0.5236 Radian (30◦)

Cut-in Wind Speed 4 m/s

Cut-out Wind Speed 25 m/s

Rated Wind Speed 11.22 m/s

Rated Power Output 5 MW

The nonlinearities of the wind turbine dynamics mainly derive from the nonlinear
aerodynamics caused by the interaction between the wind field and the wind turbine
rotor. Some details about the nonlinear relationships for the aero-rotor dynamics and the
corresponding tower and drivetrain dynamics are presented in the following sections.
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2.2.2. Aero-Rotor Dynamics

The aero-rotor dynamics defines the motions of the rotor in the out-of-plane and in-
plane directions. Here, the plane denotes the rotor plane of the wind turbine. The dynamics
are expressed by Equations (1) and (2).
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J

.
θR
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−
(

J
.
θR

2 + Kf

)
· sinβ · [(θR − θH) · sinβ+ (ΦR −ΦT) · cosβ]

(1)

J·Jt−Jc
2

Jt+Jc
·

..
ΦR =

(
Qout +

.
ΦT · Bt · Jc

Jt
+ ΦT ·Kt · Jc

Jt

)
/
(

1 + Jc
Jt

)
+
(

J
.
θR

2 + Ke

)
· sinβ · [(θR − θH) · cosβ− (ΦR −ΦT) · sinβ]

−
(

J
.
θR

2 + Kf

)
· cosβ · [(θR − θH) · sinβ+ (ΦR −ΦT) · cosβ]

(2)

where

• θR and ΦR are the displacements of the rotor in the in-plane and out-of-plane
directions, respectively;

• θH is the rotational displacement of the hub;

•
.
θR and

.
ΦR are the in-plane and out-of-plane rotor speeds;

•
..
θR and

..
ΦR are the in-plane and out-of-plane rotor accelerations;

• Qin and Qout are the in-plane and out-of-plane aerodynamic torques on the rotor;
• J, Jt and Jc are the rotor inertia, tower fore-aft inertia and rotor/tower cross coupling inertia;
• Ke, Kf and Kt are the blade edge-wise stiffness, flap-wise stiffness and tower fore-aft stiffness;
• Bt is the tower fore-aft damping moment;
• β is the blade pitch angle.

2.2.3. Tower Dynamics

The tower dynamics defines the motions of the tower in the fore-aft and side-to-side
directions, as shown in Equations (3) and (4).

Jts ·
..
θT = TLs ·

N− 1
N
− θT ·Kts −

.
θT · Bts (3)
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..
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J

)
+
(

J
.
θR

2 + Kf

)
· cosβ · [(θR − θH) · sinβ+ (ΦR −ΦT) · cosβ]

−
(

J
.
θR

2 + Ke

)
· sinβ · [(θR − θH) · cosβ− (ΦR −ΦT) · sinβ]

(4)

where

• θT and ΦT are the displacements of the tower in the side-to-side and fore-aft directions;

•
.
θT and

.
ΦT are the side-to-side and fore-aft tower speeds;

•
..
θT and

..
ΦT are the side-to-side and fore-aft tower accelerations;

• Jts, Kts and Bts are the tower side-to-side inertia, stiffness and damping moment;
• N is the gearbox ratio, TLs is the gearbox torque at the low-speed shaft.

2.2.4. Drive Train Dynamics

The drivetrain model consisted of the low-speed shaft, the gearbox, the high-speed
shaft and the power generation unit. This model was connected to the aero-rotor dynamics
block and produced the generator speed, and hence, the power output of the whole wind
turbine model. The generator speed output is modelled in (5). See [30,31] for details.

IHs ·
..
θG = THs − TG − gHs ·

.
θG (5)
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Here, θG is the rotational displacement of the generator,
.
θG and

..
θG are the generator

speed and acceleration. IHs is the sum of the generator inertia and the high-speed shaft
inertia, THs is the gearbox torque at the high-speed shaft, TG is the generator torque, and
gHs is the high-speed shaft damping.

2.3. Linearised Model

The model described in Section 2.2 is a high-dimensional and nonlinear model, which
was linearised at specific operating points for controller design.

The linearised and reduced-order model is in continuous-time, state–space format.
The following 12 states are included in this model.

(1) In-plane displacement of the rotor, θR
(2) Out-of-plane displacement of the rotor, ΦR

(3) In-plane speed of the rotor,
.
θR

(4) Out-of-plane speed of the rotor,
.

ΦR
(5) Fore-aft displacement of the tower, ΦT
(6) Side-to-side displacement of the tower, θT

(7) Fore-aft speed of the tower,
.

ΦT

(8) Side-to-side speed of the tower,
.
θT

(9) Generator speed,
.
θG

(10) Hub speed,
.
θH

(11) Equivalent low- and high-speed shaft displacement
(12) Equivalent low- and high-speed shaft speed

For a full-envelope wind turbine control, the inputs include the torque demand and the
pitch demand, and the outputs are the generator speed and the tower fore-aft acceleration.
For the above-rated control with pitch regulation, the control input is the pitch demand, and
the output is the generator speed; therefore, an SISO system. In this work, the continuous-
time state–space model was further discretised for controller design.

2.4. Baseline Controller Description

The baseline control system of the 5 MW wind turbine model was developed to cover
the full-range turbine operations [4]. The below-rated generator torque controller and
the above-rated blade pitch controller were designed separately. For the control, a global
gain-scheduling strategy was developed to address the changes in turbine dynamics due to
wind speed variations. The switching between below-rated control and above-rated control
and the switching between the first- and second- constant speed regions and the maximum
tracking region in the below-rated control were designed with several internal indicators
calculated by the model. Two additional filters, i.e., the tower filter and the drivetrain filter,
were designed to damp the resonances on the tower base and the drivetrain components
at specific frequencies. This gain-scheduling baseline feedback control system achieved
satisfactory control performances for full envelope turbine operations.

3. Model Predictive Controller Design
3.1. Control System Configuration

In this section, a predictive control algorithm was developed for the 5 MW exemplar
wind turbine during above-rated operations. The structure of the control scheme is shown
in Figure 2. Here, the preview wind speed generated by the LIDAR simulator was used in
the MPC design. The MPC algorithm was implemented based on the linearised state–space
model. The control action computed by MPC was applied to the nonlinear wind turbine
model. A state observer was used to update the states of the model. This is helpful when a
linearised model is used for the controller design in a nonlinear system.
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3.2. Basic MPC Algorithm

The wind turbine model is presented in a general discrete-time, state-space form as

xk+1 = Axk + Buk
yk+1 = Cxk+1 + dk+1

(6)

where x is the state vector consisting of the 12 states, u is the control input (pitch demand),
y is the model output (generator speed). The disturbance term d is from the incoming wind
and can be computed from the LIDAR simulator. k is the time instant, and A ∈ R12×12,
B ∈ R12×1, C = R1×12 are the parameter matrices.

With the model in (6), the one-step ahead output can be calculated. The output
predictions within a time range of p steps, which is known as the prediction horizon, can
then be derived.

The objective function to be minimised is

J(k) =
p

∑
i=1

e(k + i)e(k + i) +
l

∑
j=0

∆u(k + i)R∆u(k + j) (7)

At time k, e(k) = r(k)− y(k) is the tracking error, ∆u(k) = u(k)− u(k− 1) is the
control increment, R is the weighting factor for control input, which is constant in this
design. l is the control horizon, p is the prediction horizon.

The control input is computed by minimising the objective function subject to con-
straints, i.e.,

min
u

J(k)

subject to umin < u(k) < umax, ∆umin < ∆u(k) < ∆umax
(8)

u is the vector of the control input over the control horizon, umin and umax are the lower
and upper bounds for u(k), ∆umin and ∆umax are the lower and upper bounds for ∆u(k).
In this work, an interior-point method was employed to solve the optimisation problem
in (8), with the embedded function quadprog() in Matlab [32]. The method is suitable to
handle quadratic programming problems in fast speed and with low memory usage.
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4. Simulation Studies
4.1. Simulation Setting

In this section, the proposed LIDAR-based MPC design was simulated on the nonlinear
5 MW Supergen Exemplar wind turbine model. The MPC controller was compared with
two previously developed controllers, one being the baseline control, and the other the
LIDAR-assisted FB-FF control described in [29].

Three wind speed sequences were generated by the LIDAR simulator with the as-
sumption of perfect preview. All had a mean value of 18 m/s. The first wind speed had a
turbulence intensity of 5%, following the IEC standard 61400, which represents a typical
above-rated environment in which the wind speed variations are relatively small, and
hence the turbine operating conditions are around the operating point obtained at the mean
wind speed. The second wind speed series was generated with a turbulence intensity of
10% to assess the control performance under a larger turbulence intensity. The third wind
speed sequence had a turbulence intensity of 15%, because of which the wind speed varied
between 13 and 23 m/s. A simulation with such a large turbulence intensity can be used to
examine the MPC performance covering almost the full above-rated operational region.
The three wind speed time profiles are shown in Figure 3.
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Figure 3. Wind speed with a mean value of 18 m/s: (a) turbulence intensity of 5%, (b) turbulence
intensity of 10%, (c) turbulence intensity of 15%.

The MPC algorithm settings are shown in Table 2. The sampling time was selected
following the system dynamics, the prediction horizon and control horizons were tuned
by experience and trial and error. The weighting factor was adjusted according to the
simulations. The constraints on pitch angle and pitching rate were set up following turbine
operation guidance.
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Table 2. MPC parameters.

Sampling time 0.1 s

Prediction horizon 70

Control horizon 30

Pitch angle constraint [0 0.5236] rad ([0 30]◦)

Constraint on pitching rate [−0.105 0.105] rad/s ([−6 6]◦/s)

Weight on control term, R 129

Comparisons were made concerning power generation, load reduction and pitch ac-
tivities. The load reduction performance was assessed using the out-of-plane aerodynamic
torque on the rotor and the tower fore-aft acceleration. The controlled generator speed
was used to reflect the power generation performance, and the blade pitching rate was
calculated to compare the control activities.

4.2. Wind Speed with 5% Turbulence Intensity

The simulation results are depicted in Figures 4–7, where the load control performance
and the pitch activities are presented in both time domain and frequency domain. In all
the comparisons including the three controllers, the black dotted line indicates the baseline
control, the blue dashed line the LIDAR FB-FF control, and the red solid line the LIDAR
MPC. The standard deviation (std) of each time series and its percentage change with
respect to the baseline control std are listed in Table 3.
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turbulence intensity).

Figure 4a demonstrates that, compared with the baseline control and the FB-FF control,
the MPC design achieved a smaller variation in rotor torque. The statistical time domain
results in Table 3 show that the MPC design achieved a 25.68% reduction in rotor torque
standard deviation compared to the baseline control.
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Table 3. Performance statistics for a wind speed with 5% turbulence intensity.

Baseline LIDAR FB-FF LIDAR MPC

std (Nm) 5.6209 × 105 5.4953 × 105 4.1773 × 105
Out-of-plane Rotor Torque

Reduction (%) / 2.23 25.68
std (m/s2) 1.4438 × 10−4 1.2746 × 10−4 1.5164 × 10−4

Tower fore-aft Acceleration Reduction (%) / 11.72 −5.03
std (rad/s) 0.8449 0.8421 0.5317

Generator Speed
Reduction (%) / 0.33 37.06

std (rad/s) 1.4774 × 10−3 1.4191 × 10−3 1.4527 × 10−3
Blade Pitch Rate Reduction (%) / 3.95 1.68

The cumulative power spectral density (PSD) was calculated to compare the load
reduction performance in the frequency domain. As shown in Figure 4b, the FB-FF design
achieved a reduction in rotor load compared with the baseline feedback control, but the
MPC attained a much better rotor load reduction compared to the other controllers.

Figure 5 presents the results of the tower fore-aft acceleration for each design. In the
time domain results, as illustrated in Figure 5a, the MPC showed larger fluctuations in the
first few seconds, then the measured values became smaller compared to those obtained
from the baseline control and the FB-FF control. This is more clearly seen in Table 3 that
shows that the FB-FF control led to a reduction of 11.72% in the tower fore-aft acceleration
standard deviation, compared with the baseline control, while the MPC presented a slightly
higher standard deviation (−5.03%).

The cumulative PSD for the tower fore-aft acceleration is shown in Figure 5b. The
baseline control and the FB-FF control showed similar results, whereas the MPC showed a
clearer reduction compared to the other two control algorithms in the working frequency
range including the key frequency point of 1 rad/s.

Figure 6 illustrates the simulation results of the wind turbine generator speed. During
the above-rated operation, the control objective is to maintain the generator speed at its
rated level, which was 120 rad/s in this work. As shown in Figure 6, the FB-FF design
had a similar speed regulation performance as the baseline design, while the MPC design
achieved a better generator speed tracking performance, which corresponded to a 37.06%
reduction in the speed standard deviation, as presented in Table 3.

Finally, the blade pitching rates of the three designs are depicted in Figure 7. It can be
observed that the three controllers achieved very close results in the time domain. In the
frequency domain, as depicted in Figure 7b, the MPC showed the lowest cumulative PSD
in pitch rate over most of the frequency range including the most critical point of 1 rad/s.
Both the LIDAR FB-FF control and the LIDAR MPC showed a lower cumulative PSD in
pitch rate than the baseline control.

4.3. Wind Speed with 10% Turbulence Intensity

The wind speed in this simulation had a turbulence intensity of 10%, as shown in
Figure 3b. Figures 8–11 depict the result comparisons of the three controllers, and Table 4
presents the results of standard deviation and the reduction rate of the std for FB-FF and
MPC compared to the baseline control.
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As demonstrated in Figure 8, the FB-FF control showed a reduction in cumulative PSD
of the out-of-plane rotor torque in Figure 8b, compared with the baseline control, while in
the time domain, as depicted in Figure 8a, the results of the FB-FF and the baseline control
were similar. The MPC design results in both time and frequency domain appeared to
be better than those of the other two methods. A reduction of 25.81% of the rotor torque
standard deviation was achieved for the MPC compared with the baseline control, as
shown in Table 4.
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Table 4. Performance statistics for a wind speed with 10% turbulence intensity.

Baseline LIDAR FB-FF LIDAR MPC

std (Nm) 1.1133 × 106 1.0858 × 106 8.2589 × 105Out-of-plane
Rotor Torque Reduction (%) / 2.47 25.81

std (m/s2) 2.4928 × 10−4 2.2709 × 10−4 1.9580 × 10−4Tower fore-aft
Acceleration Reduction (%) / 8.90 21.45

std (rad/s) 1.6923 1.6849 0.9961
Generator Speed

Reduction (%) / 0.44 41.14
std (rad/s) 2.8524 × 10−3 2.6977 × 10−3 2.7872 × 10−3

Blade Pitch Rate Reduction (%) / 5.42 2.29

The simulation results of the tower fore-aft acceleration are depicted in Figure 9. The
statistics of the three results are compared in Table 4, from which it can be seen that MPC
achieved the smallest variation, and the FB-FF is also better than the baseline control.
The FB-FF control achieved an 8.9% reduction in the tower fore-aft acceleration standard
deviation compared to the baseline control, and the MPC design achieved a reduction of
21.45%. In the frequency domain, as demonstrated in Figure 9b, a lower cumulative PSD
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could be observed in the FB-FF control compared with the baseline control. The MPC
design again achieved the best performance among the three controllers, as shown in both
time domain and frequency domain.

Figure 10 illustrates the control result comparison for the generator speed. It can be
observed that the results of the baseline and the FB-FF control were similar, while the MPC
design led to a better generator speed tracking performance, which was supported by the
statistical results in Table 4, where a 41.14% reduction in the standard deviation of the
generator speed was achieved by the MPC design.

The pitching rates of the three control designs are depicted in Figure 11. The control
results were similar in the time domain, as shown in Figure 11a. Table 4 presents the
statistics of the pitching rates time series, which show that the LIDAR FB-FF control result
was slightly better than that of the LIDAR MPC, but both showed smaller variations in the
pitching rate compared to the results of the baseline control. In the frequency domain, as
shown in Figure 11b, both the FB-FF and the MPC design presented a better performance
than the baseline control. In the frequency range of interests, the cumulative PSD for the
MPC was lower than that for the FB-FF control.

4.4. Wind Speed with 15% Turbulence Intensity

As shown in Figure 3c, the wind speed with a turbulence intensity of 15% varied over
a wide range, roughly from 13 to 23 m/s, covering most of the above-rated region. The
simulation results of the three controllers are shown in Figures 12–15 and in Table 5.
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turbulence intensity).

The out-of-plane rotor torques are depicted in Figure 12. As shown by both the time
domain and the frequency domain results, the FB-FF control and the baseline control
showed similar performance, and the LIDAR MPC demonstrated a much lower variation
in the rotor torque, which is a significant improvement for load reduction.

It can be seen in Table 5 that, compared with the baseline control, the FB-FF control
achieved a small reduction in the out-of-plane rotor torque standard deviation, which was
2.59%. The MPC had a much better performance, obtaining a reduction of 28.67%.
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Table 5. Performance statistics for a wind speed with 15% turbulence intensity.

FB (Baseline) LIDAR FB-FF LIDAR MPC

std (Nm) 2.1596 × 106 2.1037 × 106 1.5404 × 106
Out-of-plane Rotor Torque

Reduction (%) / 2.59 28.67
std (m/s2) 3.5561 × 10−4 3.3048 × 10−4 2.3900 × 10−4

Tower fore-aft Acceleration Reduction (%) / 7.07 32.79
std (rad/s) 2.9734 2.9619 1.9822

Generator Speed
Reduction (%) / 0.39 33.33

std (rad/s) 5.6644 × 10−3 5.3254 × 10−3 4.8949 × 10−3
Blade Pitch Rate Reduction (%) / 5.98 13.58
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The simulations of the tower fore-aft accelerations are shown in Figure 13. Consistent
observations were made as to the rotor torque under the three control strategies. Again, the
FB-FF control showed similar results as those of the baseline control, while with the MPC,
the variation in the tower fore-aft acceleration was the lowest in comparison with those
measured using the other designs.

The same conclusions are reported in Table 5, in which the reduction of the tower
fore-aft acceleration standard deviation, compared with that of the baseline control, was
7.07% for the FB-FF control and 32.79% for the MPC design.

Figure 14 illustrates the comparison of the generator speeds. Compared to the FB-FF
control and the baseline control, the MPC achieved a largely improved tracking perfor-
mance, which resulted in a 33.33% reduction of the generator speed standard deviation
(see Table 5).

Finally, we compared the blade pitching rates obtained with the three control methods;
the results are presented in Figure 15. The MPC achieved a smaller pitching rate variation,
as evidenced in both the time domain and the frequency domain results, compared to the
other two controls. Table 5 presents the statistical results, showing that the FB-FF control
led to a 5.98% reduction in the pitch rate compared with the baseline control, and the MPC
achieved a reduction of 13.58% in standard deviation.

4.5. Discussion

In the previous Sections 4.2–4.4, the control results for the baseline control, the LIDAR-
assisted FB-FF control and the designed LIDAR-assisted MPC were presented and com-
pared under three turbulence intensities, i.e., 5%, 10% and 15%, for the same mean wind
speed. The statistical results of the three controls under different wind conditions are
presented in Tables 3–5.

Compared with the baseline control and the LIDAR FB-FF control, under the three
wind conditions, the LIDAR MPC design achieved a better performance in most cases
with regard to rotor load reduction, generator speed regulation and tower load reduction.
The improvement in the generator speed control was clear in all cases. This is probably
because the term of generator speed regulation is directly included in the objective function
of the MPC.

One exception regarding the MPC is in the tower fore-aft acceleration under 5% turbu-
lence intensity. In this case, the MPC did not achieve a better result than the baseline control.
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In this wind condition, the LIDAR FB-FF control showed a better control performance on
tower load reduction compared to the baseline control.

It can be observed that, with the increase of the wind turbulence intensity, the perfor-
mance improvement of the LIDAR FB-FF control, compared with the baseline control, was
at a constant level, while the MPC performance improvements increased.

Under the three wind conditions, the pitching rate variations had similar time profiles
for the three control designs. The MPC results were always better compared to those of the
baseline control, though within a small margin, but they were not better than the those of
the FB-FF control under 5 and 10% turbulence intensities.

The control of a wind turbine is subject to the external wind disturbance. Our sim-
ulations showed that the LIDAR MPC’s performance improvement was more apparent
when the wind disturbance level was high. One advantage of the MPC is that it is less
dependent on the model accuracy, including model parameters and disturbance. This is
due to the receding-horizon optimisation mechanism in the MPC. In the three wind turbine
controller designs, linearised turbine models were used, which inevitably introduced a
mismatch between the controller design model and the nonlinear system model. It should
be noted that the control actions designed based on the linearised model were applied to
the nonlinear turbine system. When the turbulence intensity was high, the wind speed
varied in a large range, producing a large model uncertainty. This had a greater influence
on the performance of the baseline control and the LIDAR FB-FF control than on that of the
MPC, since the model output and control input were re-calculated at each sampling time.

The use of a Kalman filter as a state observer is another adaptive factor of the MPC
design configuration. The states are updated at each sampling time, which improves the
prediction model. Therefore, among the three controllers, the MPC is the best in coping
with model uncertainties and disturbances.

Compared to the baseline control and the FB-FF control, the MPC considers more
tuning parameters, allowing a larger freedom to tune the controller for the desired perfor-
mance. The control input is calculated by an optimisation method in the MPC, which is
completely different from what occurs with the other two controllers. As a result, the MPC
achieves better control performance in most cases.

5. Conclusions

In this paper, a LIDAR-based MPC is proposed for the above-rated wind turbine
control. The controller was designed based on a linearised model, and the incoming wind
was generated by a LIDAR simulator. The simulations were conducted in a 5 MW nonlinear
wind turbine model. A mean wind speed of 18 m/s was selected with turbulence intensities
of 5%, 10% and 15%. The MPC design was compared with two other designs, one being
the well accepted baseline control, and the other the LIDAR-assisted FB-FF control.

According to the simulation results, all three controllers worked well for the above-
rated turbine operation in this study. Among them, the LIDAR FB-FF control produced
similar, but slightly better, results as the baseline control. The LIDAR MPC achieved
the best performance in most comparisons, especially in the presence of higher wind
turbulence intensities.

Both the baseline control and the LIDAR FB-FF control share the same gain-scheduling
feedback control. The difference between these two designs is that an added feedforward
control channel is present in the FB-FF control scheme, in which the preview wind from the
LIDAR simulator is introduced. That is perhaps the main reason why these two controls
showed similar results as regards their performance. The MPC is a completely different
design, as it calculates the control signals through a constrained optimisation scheme. It is
based on the receding horizon optimisation mechanism; therefore, it is less dependent on
the model quality. The MPC has also more tuning parameters, which once properly tuned,
provide a better chance to achieve the desired performance.

The LIDAR-assisted MPC achieved a good control performance, but it also involves
additional costs related to the LIDAR equipment and to a more complex design of the
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control system. In our current study, the MPC was designed for the above-rated operation
control. Further research to extend the MPC to the full envelope of a turbine operation will
be conducted in the future.
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Nomenclature
θR Rotor in-plane rotational displacement
.
θR Rotor in-plane rotational speed
..
θR Rotor in-plane rotational acceleration
θT Tower side-to-side displacement
.
θT Tower side-to-side speed
..
θT Tower side-to-side acceleration
θH Hub rotational displacement
.
θH Hub rotational speed
θG Generator rotational displacement
.
θG Generator rotational speed
..
θG Generator rotational acceleration
ΦR Rotor out-of-plane displacement
.

ΦR Rotor out-of-plane speed
..
ΦR Rotor out-of-plane acceleration
ΦT Tower fore-aft displacement
.

ΦT Tower fore-aft speed
..
ΦT Tower fore-aft acceleration
Qin In-plane aerodynamic torque on the rotor
Qout Out-of-plane aerodynamic torque on the rotor
J Rotor inertia
Jt Tower fore-aft inertia
Jc Rotor/tower cross coupling inertia
Jts Tower side-to-side inertia
IHs Sum of generator and high-speed shaft inertia
Ke Blade edge-wise stiffness
Kf Blade flap-wise stiffness
Kt Tower fore-aft stiffness
Kts Tower side-to-side stiffness
Bt Tower fore-aft damping moment
Bts Tower side-to-side damping moment
TLs Gearbox torque at low-speed shaft
THs Gearbox torque at high-speed shaft
TG Generator torque
gHs High-speed shaft damping
N Gearbox ratio
β Blade pitch angle
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Abbreviations
LIDAR Light Detection and Ranging
FB-FF Combined Feedback and Feedforward
MPC Model Predictive Control
PI(D) Proportional–Integral(–Derivative)
IPC Individual Pitch Control
IBC Individual Blade Control
PSD Power Spectral Density
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