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Abstract: In this study, an H∞-fuzzy controller is proposed for application in wind turbines with
uncertainties and nonlinearities. The performance of the proposed controller was validated via
dynamic simulations using a commercial aero-elastic code and wind tunnel experiments employing a
scaled wind turbine. The simulation and the experimental results were then compared with those of
the conventional PI and LQR control algorithms presented in our previous study. In the simulation,
the perturbation and the sensor noise were applied to reflect uncertainty and nonlinearity effects.
In addition, in the wind tunnel experiment, a control system using a commercial Bachmann PLC
was established with an accelerometer to estimate the fatigue load exerted by the rotor thrust. It was
confirmed through experiments that the robustness and adaptation of the control system improved
in the situation of pitch system failure. As a result of the experiment, the proposed H∞ controller
was able to reduce the rotor speed fluctuation by 39.9%, the power fluctuation by 32.0%, and the
fatigue load by 2.4% compared with the LQR fuzzy controller, which had better performance than
the conventional PI controller. In addition, it was confirmed through experiments that the robustness
and adaptation of the control system were well maintained. This was even true in the situation of
one-blade pitch system failure.

Keywords: H∞ control; fuzzy logic; proportional–integral (PI) control; linear–quadratic regulator
(LQR); wind tunnel experiment

1. Introduction

The globally installed capacity of new wind turbines reached 93.6 GW in 2021, an
increase of 53% from 2020 [1]. However, as the number of installed wind turbines increases,
fewer potential sites remain available for the development of onshore wind farms. This
requires wind turbines to increasingly operate on more complex terrain and in harsher
environments, or otherwise be installed at sites with less favorable resources [2,3]. With
the view of pursuing the efficient utilization of wind resources and ensuring the energy
productivity of wind turbines, there is a need to develop wind turbine systems with higher
capacities, larger rotor diameters, and higher hub heights [4]. Recently, wind turbine
prototypes with capacities of 14 MW or larger have been developed by the world’s leading
wind turbine manufacturers and installed at onshore test sites for type certification [5].

Larger wind turbines are desirable for their ability to generate electricity more effi-
ciently within limited spaces for wind farms. However, they inevitably require longer
blades to extract more power from the wind, with the result of wind turbines experiencing
larger wind speed variations vertically (known as wind shear), producing larger fatigue
loads with more fluctuations [6,7]. Therefore, the design of the wind turbine controller
becomes increasingly critical for larger wind turbines. The control algorithm must not
only ensure good power performance in normal operation conditions, but also maintain
reasonable operating performances with disturbances under unexpected conditions.
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The goal of wind turbine control is to enable wind turbines to operate automatically
while responding appropriately to changes in wind speed. In regions where the wind
speed falls below the rated value, the generator torque is controlled for the purpose of
producing maximum power. Producing maximum power can be achieved by controlling
the generator speed so that the tip speed ratio (ratio of wind speed and blade tip speed)
remains constant when the power coefficient (i.e., aerodynamic efficiency) of the wind
turbine is at its maximum [8]. This method is known as maximum power point tracking
(MPPT), and the generator torque is controlled to be proportional to the square of the
generator speed [9]. The blade pitch angle is maintained at a fine-pitch angle. In regions
where the wind speed exceeds the rated value, the generator torque is either kept constant
at the rated torque or controlled to be inversely proportional to the generator speed for
the purpose of maintaining the rated power. The blade pitch angle is controlled to keep
the generator speed at its rated value [8]. In addition to the general control goal, the wind
turbine, which is a plant of the control system, is always exposed to an environment where
various disturbances, including turbulence, gusts, sensor noise, and failure, exist. There-
fore, the application of robust control techniques for wind turbines has been investigated
with the aim of improving the stability of these turbines [10] by reducing the impacts of
the disturbances.

Considering the feasibility of a robust controller, a robust proportional–integral (PI)
control algorithm was designed based on the conventional PI control algorithm to reduce
power fluctuations and improve system stability by adjusting the cross-frequency and
stability margin using frequency responses. However, this did not significantly improve the
load reduction performance [10,11]. To reduce the effects of sensor noise interference and
model uncertainty on the control algorithm, a sliding mode robust control was suggested
for use to improve the stability performance and power performance of the controller in
regions characterized by low wind speed [12]. Although the sliding mode control was
found to contribute to the robustness of the torque control algorithm, the role of the pitch
control algorithm was not studied sufficiently to make any determinations.

To improve the stability of the controller in regions with high wind speed, a multiple-
input, single-output (MISO) H∞ controller was designed for load reduction. This controlled
simulated normal and extreme wind conditions, and the results showed that the proposed
MISO H∞ control algorithm was able to reduce the load on the tower [13]. In one study, the
iterative µ synthesis-based H∞ control algorithm was designed and simulated in MATLAB.
The simulation results showed the ability of the proposed H∞ controller to reduce the pitch
angle oscillations caused by the model uncertainty and thus maintain robustness [14]. In
another study, an H∞ robust control algorithm was designed by increasing the blade mass
simulation model, and the results showed that, with model uncertainty, the H∞ controller
was more stable compared to conventional PI control [15]. Additionally, in the simulation
study of a pitch H∞ controller designed exclusively for the rated power region, the authors
showed that the pitch H∞ control algorithm reduced the standard deviation in the rotor
speed of a wind turbine in the rated power region compared to the conventional control
algorithm, especially in environments with sensor noise and extreme wind conditions [16].

The aforementioned studies in the literature validated the stability and load reduction
performance of the controller for a specific wind speed range. However, they had limitations
in terms of a failure to provide complete control strategies capable of covering the entire
operating regions of wind turbines, including below-rated, rated, and above-rated wind
speed regions, including the nonlinearity and uncertainty associated with wind turbines.

Recent studies have started to adapt fuzzy logic, an adaptive control technique, to
wind turbine control. A wind turbine controller with fuzzy logic combines linear systems
according to the operating region of the wind turbine in order to apply gains and weights
with consideration of nonlinearity [17]. One study found that using the conventional maxi-
mum power point tracking (MPPT) control led to the development of a fuzzy-maximum
power point tracking control algorithm, which was proposed to improve the power and
stability of the controller in regions with low wind speed [18]. The results showed that,
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in these regions, the use of the fuzzy MPPT control algorithm can improve the stability
and power performance of the wind turbine compared with the use of the conventional
MPPT control algorithm. In another study, the proposed fuzzy PI-scheduling control al-
gorithm was able to reduce the load of the tower base by up to 21.5% compared with the
conventional PI control algorithm [19]. The optimal control algorithm using fuzzy control
was also previously investigated. A linear–quadratic regulator control algorithm based
on fuzzy control was proposed. Researchers found that its use to improved stability and
load reduction performance compared with the conventional PI control algorithm [20,21].
In previous studies on wind turbine control, the uncertainty of the model was considered
using H∞ control and the nonlinearity of the wind turbine was addressed via fuzzy logic.
However, there were few attempts to simultaneously address both model uncertainty and
nonlinearity simultaneously.

Therefore, in this study, we revisited our previous study on the pitch H∞ control
algorithm and designed a fuzzy logic-based H∞ control algorithm to improve controller
performance in operational wind turbine situations with nonlinearity and uncertainty
effects. Additionally, in order to compare the performance of the proposed controller,
we designed PI control algorithms using the baseline control structure presented by the
National Renewable Energy Laboratory (NREL) and a linear–quadratic regulator based on
the fuzzy logic (LQRF) control algorithm from our previous work [22,23]. The performance
validation of the proposed controller was conducted not only through dynamic simulations,
but also through wind tunnel experiments in turbulent wind conditions with sensor noise
and blade fault situations using a scaled wind turbine with a capacity of 40 W.

The contribution of this study can be summarized as follows:
1. To consider the nonlinearity of wind turbines caused by wind disturbances such

as turbulence and gusts, membership functions and fuzzy rules were designed for wind
speed information and integrated into H∞ control;

2. To cope with the model uncertainty of wind turbines, such as sensor noise and
the perturbation that causes control performance degradation, we designed a H∞ control
algorithm based on a mixed-sensitivity method was designed;

3. To validate the proposed algorithm more clearly, the control performances have been
compared with those of previously proposed algorithms, including the fuzzy logic-based
LQR and pitch-H∞ control, as well as the baseline PI control algorithm;

4. To show the feasibility of the proposed control algorithm in close-to-real situations,
the proposed control algorithm was experimentally validated using a 40 W capacity-scaled
wind turbine and turbulent winds in a wind tunnel. Also, the failure situation of a blade-
pitch actuator was tested and analyzed.

2. Wind Turbine Specification

We used order a 40 W capacity wind turbine to validate the performance of the
proposed controller for wind turbines in this study. The scaled wind turbine had a rotor
diameter of 1.1 m and a tower height of 0.9 m. Its rotor speed at the rated condition was
678 rpm, possessing a rated generator torque of 0.04 Nm. Additional turbine specifications
are presented in Table 1. The target wind turbine was originally designed and developed by
researchers at the Technical University of Munich (TUM) [24]. However, modifications were
made to the turbine encourage the development of new three-dimensional (3D)-printed
blades, accelerometers in the nacelle, and various control algorithms for experimental
validation in this study. Additionally, despite having a low-rated power of 40 W, this wind
turbine was designed to have the optimal tip speed ratio, defined as the ratio of blade tip
speed to wind speed required to improve the aerodynamic efficiency of the rotor to be
approximately 7.3, granting an operating range similar to that of large wind turbines. These
scaled wind turbines have been widely adopted as a method for validating the control
performance of new control algorithms [25].
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Table 1. General specifications of a target wind turbine.

Specifications Values

Rated Power 40 W
Rated Rotor Speed 678 rpm

Rated Generator Torque 0.04 Nm
Gear Ratio 14

Rotor Diameter 1.1 m
Hub Height 0.9 m

Cut-in/Rated/Cut-out Wind Speed 3, 5.5, 9 m/s

3. Control Algorithms
3.1. Model Linearization

To design the H∞ controller, the target wind turbine model was modeled and linearized
using Bladed (Ver. 4.11, DNV, Oslo, Norway), a wind turbine commercial aero-elastic code
for dynamic simulations with a controller in turbulent wind conditions. In addition, to
implement the uncertainty to the model, a wind speed perturbation of 0.1 m/s, a blade
pitch of 0.5 deg, and a generator torque perturbation of 0.01 Nm were applied.

The state vectors x included each state variable of the tower with six eigenmodes,
each blade variable with four eigenmodes, and state variables of the blade pitch actuator,
generator, and drivetrain. The output vectors y included generator speed, generator torque,
rotor azimuth angle, blade pitch angle, nacelle acceleration, blade load, and tower load,
each of which can be used to confirm the operation characteristics of the wind turbine.
The input vectors u included blade pitch angle, generator torque, and wind speed (the
linearization model information is summarized in Table A1 of Appendix A). Therefore, the
state equation of the target wind turbine was expressed as:

.
x = A47×47x + B47×3u (1)

The state matrix A had 47 state vectors, resulting in dimensions of 47 by 47. The input
matrix B, on the other hand, had a dimension of 47 by 3 due to its three input variables.
The output matrix C consisted of 14 output vectors, making its dimension 14 by 47. Finally,
the direct transmission matrix D had a dimension of 14 by 3. The output equation of the
target wind turbine was expressed as:

y = C14×47x + D14×3u (2)

Linearization models were constructed in the wind speed region rate lower than
(4.0 m/s), the rated wind speed region (5.5 m/s), and wind speed region higher than
(8.0 m/s), respectively, in order to respond to the non-linear effect of wind turbines. Figure 1
shows the frequency response functions of the torque and pitch loop gain with respect
to generator speed in each wind speed region. As can be seen in Figure 1, the fuzzy
inference-based H∞-fuzzy control algorithm must be designed to combine linearization
models corresponding to different wind speed regions. This will enable us to consider the
nonlinearity effects of wind turbines with respect to wind speed.
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left-hand plot (a) shows the results in generator speed output for blade pitch angle control input. The
right-hand plot (b) shows the results in generator speed output for generator torque control input.

3.2. Desired Set Points

The proposed multiple-input H∞ controller had previously been applied to determine
the desired set points of each feedback signal. We used set points of a generator torque
schedule compared to the generator speed of the wind turbine in order to track the maxi-
mum power point, and employed set points of the generator speed using a reference bias
control technique to reduce transience in the rated wind speed region [23]. In addition, a
peak shaving schedule was used in comparison to the estimated wind speed to obtain set
points of the blade pitch by employing a wind speed estimator, and ‘0’ was used as the
desired value related to the load.

The wind speed estimator estimates wind speed through two procedures [26]. First,
the aerodynamic torque is estimated using Newton’s laws of motion for the driving heat
model, and it can be assessed by measuring the rotor speed and the generator torque. The
estimated aerodynamic torque T̂a can be expressed as:

T̂a = Jtotal
.

Ωr + NTg + TLoss (3)

where Jtotal is the total moment of inertia of the rotor, generator, hub, and shaft, Ωr is the
low-pass-filtered rotor speed, N is the gear ratio, and Tg and TLoss are the generator torque
and mechanical loss torque, respectively. Second, a function minimization method was used
to inversely obtain wind speed from power coefficient data. The function minimization
algorithm was calculated using the MATLAB (R2023a, The MathWorks, Inc., Natick, MA,
USA)’s fminsearch function, and a non-linear wind speed function was implemented in the
form of a 3D look-up table in advance. The 3D look-up table determines the current wind
speed from the estimated aerodynamic torque, measured rotor speed, and measured blade
pitch angle. The aerodynamic torque Ta for determining the estimated wind speed can be
expressed as:

Ta =
1
2

ρπR3

{
CP
(
λ̂, β

)
λ̂

}
v̂2 (4)

where ρ represents air density, R indicates rotor radius, CP represents the power coefficient,
β represents the blade pitch angle, λ̂(= RΩr/v̂) represents the tip speed ratio by the
estimated wind speed, and v̂ represents the estimated wind speed.
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3.3. Mixed-Sensitivity H∞ Control Algorithm

H∞-based loop-shaping techniques were used to improve the uncertainty effect in the
control system of wind turbines. In the control system, the plant is given as:

.
x = Ax + B u
y = C x + D u

(5)

That is, plant (5) is a generalized representation of Equations (1) and (2). However,
when the uncertainty effect of the plant is expressed through perturbation in H∞ control
theory, plant (5) can be expressed as an augmented plant (6) using linear fractional transfor-
mation (LFT) [27]. Due to the intervention of the disturbance input w, the input matrix B
of the plant (5) was augmented to B1 and B2. In addition, due to the intervention of the
performance signal z, the output matrix C of the plant (5) was augmented to C1 and C2,
and the direct transmission matrix D was augmented to D11, D12, D21, and D22. In this
study, the augmented plant (6) was implemented using the mixed-sensitivity method.
The mixed-sensitivity method represents the performance signal z by representing input
sensitivity S, control sensitivity KS, output sensitivity T, and each weight function, i.e., W1,
W2, and W3.

.
x = Ax + B1w + B2u

z = C1x + D11w + D12u
y = C2x + D21w + D22u

(6)

Figure 2 shows a closed-loop transfer function representing the H∞ control system.
K is the searched controller that minimizes the H∞ norm of the augmented plant P, i.e.,
plant (6), and G is the nominal form of the augmented plant P. The H∞ control uses a
state feedback gain that minimizes the H∞ norm of the mixed-sensitivity functions W1S,
W2KS, and W3T.
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In addition, the value when the H∞ norm of the mixed-sensitivity functions W1S,
W2KS, and W3T is at a minimum can be expressed as the optimal performance level γ0:

γ0 = min
K stabilizing

∥∥∥∥∥∥
W1S

W2KS
W3T

∥∥∥∥∥∥
∞

(7)

However, since complex systems such as uncertain non-linear wind turbines do not
guarantee a unique solution to the optimal control problem (7), non-negative scalar perfor-
mance level γ, i.e., tolerance, is selected through iteration. Accordingly, the optimization
problem (7) can be represented as a suboptimal control problem (8) using arbitrary perfor-
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mance level γ. In addition, through Figure 2, the sensitivity functions S, KS, and T can be
represented by (I + GK)−1, K(I + GK)−1, and GK(I + GK)−1 respectively.∥∥∥∥∥∥∥∥∥

W1

(
I + GK)−1

W2K
(

I + GK)−1

W3GK
(

I + GK)−1

∥∥∥∥∥∥∥∥∥
∞

< γ, (γ > γ0) (8)

It is known that a given suboptimal control problem (8) can be solved using two
algebraic Riccati equations (ARE) [27]. With the selection of performance level γ, this
suboptimal control problem was solved using MATLAB’s hinfsyn function. The weight
functions were applied using low-pass and high-pass filters [28].

3.4. Fuzzy Inference Algorithm

The T-S fuzzy model can approximate the entire fuzzy model using a combination of
linear sub-fuzzy models [29]. Therefore, the control sub-command u′(t) of the augmented
linear plant (6) by wind speed region, i.e., the region mentioned in Figure 1, is interpolated
using fuzzy logic, which can lead to an approximation of the control command u(t) of the
non-linear entire plant. The control sub-command u′(t) is calculated from the membership
function µ of the wind speed nonlinearity, i.e., the sub-optimized H∞ control command
usubopt(t). The subscript below i indicates the number of sub-systems. The control sub-
command u′(t) can be expressed as:

u′(t) =
∑
{

µi(z(t))·usubopt,i(t)
}

∑ µi(z(t))
(9)

The final control command u(t) is calculated from the membership function κ of the
uncertainty of the estimated wind speed, the control sub-command u′(t), and the control
command of the previous step u0(t). The calculation formula is given in Equation (10).
Equation (11) describes the system decision variable z(t) given by the estimated wind
speed information.

u(t) = κ(z(t))u0(t) + (1− κ(z(t)))u′(t) (10)

z(t) =

{
v̂(t) f or µ, (0 ≤ µ < 1)
.
v̂(t) f or κ, (0 ≤ κ < 1)

(11)

Figure 3 shows the block diagram of the T-S fuzzy controller. As shown in the figure,
the wind speed and wind speed rate are used as inputs for the T-S fuzzy model. As shown
in the figure, wind speed and wind speed rate are used as inputs to induce fuzzification
in the T-S fuzzy model. In the T-S fuzzy model, interpolation calculations are performed
using membership functions and fuzzy rules. In addition, defuzzification is performed
to calculate the weight values µ1, µ2, and µ3 of the control sub-commands for each wind
speed region and the weight value κ of the control command for the uncertainty of the
estimated wind speed.

The fuzzy rules and membership functions for the fuzzy inference algorithm were
designed with MATLAB’s Fuzzy Logic Toolbox [30]. The non-linear membership func-
tions (trapmf, trimf, and trapmf) were applied to the wind speed and wind speed rate
corresponding to the input of the T-S fuzzy model. The constant-type membership func-
tions (0, 0.3333, 0.5, 0.6667, and 1) were applied to each wind speed region (below-rated
region (4.0 m/s), rated region (5.5 m/s), and above-rated region (8.0 m/s)) of the T-S fuzzy
model. The constant-type membership functions (0, 0.5, 1) were applied to determine the
uncertainty of the estimated wind speed.
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Since the uncertainty of estimated wind speed can be easily categorized using the
degree to which the wind speed changes rapidly, the membership function for the wind
speed were simply divided into three points between 0 and 1. In the case of the membership
function for the wind speed, three points were divided between 0 and 1, and two points
were added near the middle value to prevent transience caused by pitch and torque control
conversion in the rated wind speed region during the interpolation process of the control
command values of each sub-system. The membership functions and fuzzy rules are shown
in detail in Figure A1 and Table A2 of Appendix B.

3.5. Controller Implementation

The proposed controller was implemented in MATLAB/Simulink to generate a C code.
The controller code was uploaded to the PLC in order to conduct wind tunnel experiments.
Then, data were compiled in a dynamic link library (DLL) for simulation in the commercial
aero-elastic program known as ‘DNV-Bladed’.

Figure 4 shows the overall block diagram of the fuzzy inference-based H∞-fuzzy
control algorithm. The proposed H∞-fuzzy control algorithm was implemented with the
fuzzy inference algorithm, the wind speed estimator, and the H∞ controllers for three
different wind speed regions. In addition, we applied the selection of set points, the state
scaling required for state feedback control, and the reference bias control (RBC) algorithm
to respond to transient responses in terms of the impact of pitch and torque control in
the rated wind speed region [23]. The reduced nominal plant used to control the target
wind turbine consisted of four state vectors x (blade pitch β, generator torque Tg, generator
speed Ωg, and nacelle acceleration

..
x), two control commands u (a pitch command βc and

torque command Tc
g), and an output vector y (generator speed Ωg).
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4. Controller Validation
4.1. Dynamic Simulations

In order to validate results, the proposed H∞-fuzzy controller was implemented for the
target 40 W wind turbine, and dynamic simulations were performed using Bladed. Also, the
results were compared with the results of two different control algorithms, including the PI
controller using reference bias control and the LQR based on fuzzy logic controller [20,23].
To account for uncertainty and nonlinearity effects, Gaussian sensor noise was applied to
generator speed, generator torque, generator power, and blade pitch angle, respectively.

Figure 5 shows time series data for the dynamic simulation results to which Gaussian
sensor noise is applied. In order to consider the non-linear effect of a control system on
wind speed over a wide range, dynamic simulation was performed for 100 s under wind
conditions with turbulence intensity of about 10% and mean wind speeds of 4 m/s and
8 m/s.
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Figure 5. Results from simulations of the target wind turbine for the PI controller (black solid lines),
the LQR controller (red dotted lines), and the H∞ controller (green dashed lines). The left-hand plot (a)
shows the results below the rated wind speed region (mean 4.0 m/s). The right-hand plot (b) shows
the results for the above-rated wind speed region (mean 8.0 m/s).

As shown in Figure 5a, the three controllers showed almost the same control operation
impact. This is because the control gains and weights were tuned in such a way that all three
controllers commonly prioritized maximum power point tracking (MPPT) control in regions
where the wind speed is lower than the rated wind speed (i.e., in this region, all the kinetic
energy of the wind turbine should be used for power production.). In addition, a thrust
transient occurred during significant wind speed changes at approximately 48 s and 82 s,
revealing differences in the responses of the three controllers. While both the LQR controller
and the H∞ controller assigned a high weight to the torque state variable to prioritize MPPT
torque control, it was observed that they still utilized nacelle acceleration state variables
and fuzzy control to stabilize the rotor thrust force. Consequently, this led to a reduction
in the thrust transient. Also, in the case of pitch control, all three controllers maintained



Appl. Sci. 2023, 13, 11930 10 of 18

a fine-pitch angle capable of producing maximum power. In contrast, the difference in
motion between the three controllers is more pronounced, as shown in Figure 5b. Since
this operating region is one where the wind speed is higher than the rated wind speed, the
generator torque is controlled to be maintained at the rated torque via reference bias control.
In addition, the pitch angle maintains the rotor speed and power at a rated value, even
when the wind speed changes (i.e., it is free from the MPPT set point), and the remaining
kinetic energy can be used to reduce the fluctuation of the rotor speed or the fatigue load.
As a result, compared to PI controllers that simply control rotor speed, the LQR and H∞
controllers that modulate multiple state variables was able to reduce the fluctuation of
the rotor speed, power, and thrust load. In addition, it was found that the H∞ controller
with loop shaping applied in the frequency domain could further improve the control
performance compared to the LQR controller by utilizing pitch control to a greater extent.

In this study, the performance indicators for confirming control performance were
selected as the mean and standard deviation of the rotor speed, power, a rain flow cycle
counting-based damage equivalent load (DEL) of thrust load. The reason for these choices
is that each controller’s set-point follow-up performance, toughness performance, and
load reduction performance can be directly checked. Table 2 shows quantitative data for
the comparison of control performance in Figure 5. In regions where the wind speed is
lower than the rated wind speed, the performance of the three controllers was similar
because they frequently applied the strategy of maximizing power production (i.e., MPPT
control). When compared to PI controllers, the mean power differences for the LQR and
H∞ controllers were 0.09% and −0.01%, respectively, while the fatigue load reductions
were −2.93% and −3.23%, respectively. In regions with a wind speed higher than the
rated wind speed compared to the PI controller, the rotor speed deviations of the LQR
and H∞ controllers were reduced by 45.34% and 62.31%, respectively. Similarly, the power
deviations were reduced by −52.81% and −60.32%, respectively. Additionally, the fatigue
loads were reduced by −13.22% and −14.04%.

Table 2. Quantitative results from simulations of the target wind turbine for the PI, LQR, and
H∞ controllers.

Operating
Region

Wind Turbine
Controller

Control Performance in Dynamic Simulation

Mean Std. Dev. DEL

Ωr (rpm) P (W) Ωr (rpm) P (W) Ft (N)

Below-Rated
Region

PI (A) 541.024 20.476 38.772 4.294 8.496
LQR (B) 540.947 20.494 38.457 4.353 8.247
H∞ (C) 540.376 20.474 37.944 4.306 8.222

(B − A)/A (%) −0.014 0.088 −0.812 1.374 −2.931
(C − A)/A (%) −0.120 −0.010 −2.136 0.279 −3.225

Above-Rated
Region

PI (D) 677.719 39.696 17.875 0.998 22.852
LQR (E) 677.941 39.709 9.770 0.471 19.832
H∞ (F) 678.503 39.742 6.738 0.396 19.644

(E − D)/D (%) 0.033 0.033 −45.343 −52.806 −13.215
(F − D)/D (%) 0.116 0.116 −62.305 −60.321 −14.038

4.2. Wind Tunnel Experiments

To validate the performance of the proposed H∞ controller, a wind tunnel test was per-
formed at a large wind tunnel test center in Jeollanam-do, Republic of Korea
(length × width × height: 40 × 12 × 2.5 m). Figure 6 shows the view of the target
wind turbine and the overall configuration of the wind tunnel facility. The turbulence
intensity in the wind tunnel test was about 10%, which is the maximum achievable in the
wind tunnels using wedges and bar structures. The PI, LQR, and H∞ controllers were
tested under the same wind conditions as those used in dynamic simulation (i.e., mean
4.0 m/s and mean 8.0 m/s). The target-scaled wind turbine was controlled using Bach-
mann’s programmable logic controller (PLC), where the proposed control algorithms were
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implemented. In addition, a nacelle accelerometer was installed to measure acceleration at
the nacelle and estimate the thrust force. The signal from the accelerometer was sampled
and acquired using a data-acquisition board. The pitch system of the target wind turbine
was designed to enable individual pitch control (IPC) using three pitch motors individually
whenever needed.

Appl. Sci. 2023, 13, x FOR PEER REVIEW 11 of 18 
 

logic controller (PLC), where the proposed control algorithms were implemented. In ad-
dition, a nacelle accelerometer was installed to measure acceleration at the nacelle and 
estimate the thrust force. The signal from the accelerometer was sampled and acquired 
using a data-acquisition board. The pitch system of the target wind turbine was designed 
to enable individual pitch control (IPC) using three pitch motors individually whenever 
needed. 

 
Figure 6. View of the target wind turbine and configuration of the wind tunnel environments. 

Figure 7 shows time series data from wind tunnel experiment results performed for 
100 s. Like the dynamic simulation results, the PI, LQR, and 𝐻   controllers were applied 
to the controller, and each performance was compared. Unlike the simulation, electrical 
noise transmitted from the sensor was observed in the wind tunnel experiment data, and 
the turbulent wind for each experiment could not be the same. As such, there was a slight 
difference in the time series of wind data.  

  
(a) (b) 

Figure 6. View of the target wind turbine and configuration of the wind tunnel environments.

Figure 7 shows time series data from wind tunnel experiment results performed for
100 s. Like the dynamic simulation results, the PI, LQR, and H∞ controllers were applied
to the controller, and each performance was compared. Unlike the simulation, electrical
noise transmitted from the sensor was observed in the wind tunnel experiment data, and
the turbulent wind for each experiment could not be the same. As such, there was a slight
difference in the time series of wind data.
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Figure 7. Results from wind tunnel experiments of the target wind turbine for the PI controller
(black solid lines), the LQR controller (red dotted lines), and the H∞ controller (green dashed lines).
The left-hand plot (a) shows the results below the rated wind speed region (mean 4.0 m/s). The
right-hand plot (b) shows the results for the above-rated wind speed region (mean 8.0 m/s).
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Figure 7a shows that the results of MPPT control by three different controllers in
the below-rated wind speed region are similar to dynamic simulation results in overall
operation. In addition, the blade pitch angles were maintained to be a fine-pitch angle
with all three controllers, and the thrust force was slightly improved using LQR and H∞
controllers. Similar to the results confirmed in the simulation results, Figure 7b clearly
shows the performance differences between the three controllers in the above-rated wind
speed region. The results showed that, when using LQR and H∞ controllers on the data of
the rotor speed, power, and thrust, both regulating and load reduction performance were
improved compared with those of PI controllers. Additionally, the proposed H∞ controllers
showed the best-regulating performance while reducing the load. The generator torque
was well maintained at the fixed rated value for all three controllers.

Table 3 shows the quantitative values of control performances obtained in the wind
tunnel experiments shown in Figure 7. Like the simulation results shown in Table 1, the
performances of the three controllers obtained in the wind tunnel experiments were also
similar in the region where the wind speed was lower than the rated wind speed (below-
rated region). Compared with the PI controllers, the mean power differences of LQR and
H∞ controllers were 0.90% and −1.03%, respectively, while fatigue load reductions were
−5.25% and −5.46%, respectively. In regions with a higher wind speed than the rated
wind speed, the rotor speed deviation of the LQR and H∞ controllers was decreased by
29.39% and 57.58%, respectively, compared with the result obtained using the PI controller.
Similarly, the power deviation was reduced by −31.60% and −53.49%, respectively, and
the fatigue loads were decreased by −19.58% and −21.48%.

Table 3. Quantitative results from wind tunnel experiments of the target wind turbine for the PI,
LQR, and H∞ controllers.

Operating
Region

Wind Turbine
Controller

Control Performance in Wind Tunnel Experiments

Mean Std. Dev. DEL

Ωr (rpm) P (W) Ωr (rpm) P (W) Ft (N)

Below-Rated
Region

PI (A) 524.240 18.595 20.289 1.760 3.464
LQR (B) 528.132 18.428 20.131 1.812 3.282
H∞ (C) 527.759 18.404 19.940 1.794 3.275

(B − A)/A (%) 0.742 −0.898 −0.779 2.955 −5.254
(C − A)/A (%) 0.671 −1.027 −1.720 1.932 −5.456

Above-Rated
Region

PI (D) 678.087 39.749 29.900 2.494 11.330
LQR (E) 677.839 39.947 21.113 1.706 9.112
H∞ (F) 678.856 39.714 12.683 1.160 8.896

(E − D)/D (%) −0.037 0.498 −29.388 −31.596 −19.576
(F − D)/D (%) 0.113 −0.088 −57.582 −53.488 −21.483

5. Discussion

In order to further validate the performance of the proposed controllers, two additional
experiments were performed. One compared the performances of the proposed H∞-
fuzzy controller and the pitch H∞ controller in the previous study [17]. The sought to
demonstrate the performance of the proposed controller under special conditions, such
as during the pitch actuator failure of one blade. The difference between the proposed
H∞-fuzzy controller and the pitch H∞ controller discussed in the previous study lies in
the scope of application of the H∞ controller. The pitch-H∞ only contributes pitch control.
Conversely, the proposed H∞-fuzzy H∞ control theory is applied to both blade pitch and
torque control, but also helps to improve both uncertainty and non-linear characteristics
using fuzzy logic. Therefore, in order to assess the operation of pitch control and torque
control together, an additional wind tunnel experiment was conducted to compare the
two controller operations in the rated wind speed region. Also, wind tunnel experiments
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were conducted on the failure condition of the blade pitch actuator of one-blade failure
situations in order to assess the expectation that the proposed H∞ controller would have
excellent regulating and robustness performances compared to previously studied fuzzy
logic-based LQR controllers [20].

Figure 8 shows the results of wind tunnel experiments for further validation of the per-
formance of the proposed H∞ control algorithm. As shown in Figure 8a, these procedures
involve pitch and torque control being alternately turned on in the rated wind speed region,
resulting in a transient response occurring frequently. This can be seen through frequent
intersections of pitch and torque control strategies and a partial increase in vibration peaks
of thrust. These features were observed in both controllers. However, it was confirmed that
the proposed control algorithm showed better regulating performance compared with the
pitch-H∞ control algorithm. The power output increased due to the decrease in transient
response in torque control, and this robust performance had the potential lead to an increase
in the annual energy production (AEP) of a turbine in the rated wind speed region. As
shown in Figure 8b, a failure situation in which the pitch actuator of one blade (named
the second blade) becomes out of control at about 105 s was applied to both controllers,
and this scenario is represented by a straight red line. As a case requiring the use of pitch
control, the experiment was conducted in the region where the wind speed was higher
than the rated wind speed. Prior to the pitch actuator failure, the H∞ controller had
superior regulating performance compared to the LQR controller, but the load reduction
performances were similar for the two controllers. After the pitch actuator failure of one
blade, however, the power-regulating performance of the LQR controller dropped, while
the regulating performance of the H∞ controller was maintained as if no failure happened.
As a result, the thrust force was also reduced.
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Figure 8. Results from wind tunnel experiments of the target wind turbine. The left-hand
plot (a) shows the results near the rated wind speed region (mean 6.2 m/s) for the Pitch-H∞ controller
(black solid lines) and the H∞ controller (green dashed lines). The right-hand plot (b) shows the
results in the blade failure situation above the rated wind speed region (mean 8.0 m/s) for the LQR
controller (black solid lines) and the H∞ controller (green dashed lines).



Appl. Sci. 2023, 13, 11930 14 of 18

To quantitatively compare the control performance of the proposed controller with
the LQR controller for the blade failure situation in Figure 8b, the performances of both
controllers are presented in Figure 9 as a spider plot. While LQR control did not reduce the
standard deviation of the power and rotor speed in the blade failure situation, the proposed
H∞ control reduced the standard deviation of those by 48.5% and 38.9%, respectively. Also,
the thrust load of the rotor was reduced by 1.6% using the H∞ controller. However, the
standard deviation of the blade pitch angle was increased by about 12.4% as a trade-off with
the H∞ controller, resulting in blade pitching with larger angles. As a result, the average
power with the H∞ controller was higher than that with the LQR controller by 2.7%. This
clearly shows that the proposed H∞ controller can cope with unexpected failure situations,
such as blade failure, more effectively than the LQR controller (i.e., in terms of robustness).
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6. Conclusions

In this study, an H∞-fuzzy control algorithm was proposed in order to control wind
turbines for the purpose of considering their uncertainties and nonlinearities. In order to
validate the performance of the proposed controller via simulation and experimentation, a
40 W wind turbine capable of wind tunnel testing was used as a control target.

Using a commercial aero-elastic code known as Bladed, the performances of the
conventional PI, LQR controllers and the proposed H∞ controllers were compared in
two turbulent wind conditions in an environment reflective of perturbation and sensor
noise effects. The simulation showed that the rotor speed deviation was reduced by 31.0%.
Additionally, the power deviation was reduced by 15.9%, compared with the LQR-fuzzy
control algorithm, which had better performance than the conventional PI. To validate the
performance of the control algorithm in more real situations, the target wind turbine was
applied to wind tunnel experiments. As a result, the rotor speed deviation and power
deviation were reduced by 39.9% and 32.0%, respectively, and the fatigue load based on
the thrust force was reduced by 2.4% compared with the LQR fuzzy control algorithm.

Through additional control performance validation, it was confirmed that the pro-
posed H∞-fuzzy control algorithm reduced the transient response in the rated wind speed
region compared with the previously studied pitch-H∞ control algorithm. In addition,
through experiments on the blade pitch actuator failure situation of one blade, the proposed
H∞-fuzzy control algorithm showed its improved robustness and adaptation compared
with the LQR fuzzy control algorithm, and the regulating performance and load reduction
performance were well maintained. In conclusion, H∞-fuzzy study can be used to improve
the robustness and adaptation of the control systems of wind turbines having uncertainties
and nonlinearities.
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In this study, a wind tunnel test using a wind turbine scaled model was conducted
to experimentally validate the performance of the proposed control algorithm. Future
research should subject the proposed control algorithm to additional field tests in order
to validate the control performance in the actual wind turbine operation situation. In
addition, the study will be conducted on the application of the proposed control algorithms
in floating wind turbines with higher potential nonlinearity and uncertainty effects, e.g.,
assessing hydrodynamics in terms of waves and currents effects.
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Nomenclature

x State vector
y Output vector
u Input vector
A System matrix
B Input matrix
C Output matrix
D Direct transmission matrix
Ta Aerodynamic torque
Jtotal Total moment of inertia
Ωr Rotor speed
N Gear ratio
Tg Generator torque
TLoss Mechanical loss torque
R Rotor radius
CP Power coefficient
λ Tip speed ratio
β Pitch angle
v Wind speed
w Disturbance input
z Performance signal
γ Performance level
W Weight function
P Augmented plant
G Nominal form of augmented plant
S Sensitivity function
K Controller
T Complementary sensitivity function
µ Membership function for nonlinearity
usubopt Sub-optimized H∞ control command
κ Membership function for uncertainty
Z System decision variable
Ωg Generator speed
βc Pitch angle command
Tc

g Generator torque command
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Appendix A. Linearization Model

In Section 3, information about state vectors, output vectors, and input vectors pre-
sented at the subscripts of Equations (1) and (2) is shown in Table A1.

The settings for performing the Bladed simulation were applied as follows.
To calculate the aerodynamics, ‘Glauert Momentum theory’ and ‘Pitt and Peters

dynamic wake’ models were used, but the ‘Skew wake correction model’ and ‘Dynamic
stand model’ were ignored to prevent the state vector from becoming larger than necessary
in the linearization model. To calculate structural modes, four structural modes of the
blade and six structural modes of the tower were applied. Since the rated rotor speed of
the target wind turbine model was at a high speed of 678 rpm, the blade was applied as a
single part, not as a multi-part component, for flexibility. The control sampling time was
applied at 250 Hz (0.004 s step) in order to match the operating conditions of the Bachmann
PLC used to control the target wind turbine model in the wind tunnel experiment. For
reference, the results of the frequency response function in Figure 1 show the linearization
model through the ‘Bode’ function of MATLAB/Simulink and demonstrate the results of
applying all polar data (i.e., eigenvalue information of 47 by 47 state matrix).

Table A1. Linearization model information in the form of state space.

State Vector x Output Vector y

1. Tower mode 1 displacement 25. Blade 2 mode 1 displacement 1. Rotor speed
2. Tower mode 1 velocity 26. Blade 2 mode 1 velocity 2. Blade 1 pitch angle
3. Tower mode 2 displacement 27. Blade 2 mode 2 displacement 3. Blade 2 pitch angle
4. Tower mode 2 velocity 28. Blade 2 mode 2 velocity 4. Blade 3 pitch angle
5. Tower mode 3 displacement 29. Blade 2 mode 3 displacement 5. Generator speed
6. Tower mode 3 velocity 30. Blade 2 mode 3 velocity 6. Generator torque
7. Tower mode 4 displacement 31. Blade 2 mode 4 displacement 7. Nacelle fore-aft acceleration
8. Tower mode 4 velocity 32. Blade 2 mode 4 velocity 8. Nacelle nod acceleration
9. Tower mode 5 displacement 33. Blade 3 mode 1 displacement 9. Rotor azimuth angle
10. Tower mode 5 velocity 34. Blade 3 mode 1 velocity 10. Blade 1 Mx
11. Tower mode 6 displacement 35. Blade 3 mode 2 displacement 11. Blade 1 My
12. Tower mode 6 velocity 36. Blade 3 mode 2 velocity 12. Blade 1 Mz
13. Rotor rigid body displacement 37. Blade 3 mode 3 displacement 13. Tower Mx
14. Rotor rigid body velocity 38. Blade 3 mode 3 velocity 14. Tower My
15. Low-speed Shaft displacement 39. Blade 3 mode 4 displacement
16. Low-speed Shaft velocity 40. Blade 3 mode 4 velocity
17. Blade 1 mode 1 displacement 41. Generator electrical torque

18. Blade 1 mode 1 velocity 42. Blade 1 actuator Position response 1 Input Vector u

19. Blade 1 mode 2 displacement 43. Blade 1 actuator Position response 2 1. wind speed
20. Blade 1 mode 2 velocity 44. Blade 2 actuator Position response 1 2. pitch angle demand
21. Blade 1 mode 3 displacement 45. Blade 2 actuator Position response 2 3. generator torque demand
22. Blade 1 mode 3 velocity 46. Blade 3 actuator Position response 1
23. Blade 1 mode 4 displacement 47. Blade 3 actuator Position response 2
24. Blade 1 mode 4 velocity

Appendix B. Membership Functions and Fuzzy Rules

In Section 3, the membership functions designed using MATLAB’s fuzzy logic toolbox
are shown in Figure A1. Figure A1 represents a membership function for wind speed
(WS). In the proposed control algorithm, there were three membership functions (Lspd,
Mspd, and Hsp) because the non-linear system was represented by three sub-systems for
the wind speeds lower than the rated wind speed (WS < 5.5 m/s), the rated wind speed
(WS = 5.5 m/s), and wind speeds higher than the rated wind speed (WS > 5.5 m/s). As can
be seen from Table 1, the interpolation range of the input wind speed of the membership
function was selected as a range between the cut-in speed (3 m/s) and the cut-out speed
(9 m/s), which are the operating regions of the target wind turbine. Figure A1b represents
the membership function for wind speed derivative (WSD). The values (LSD, MSD, and
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HSD) of this membership function were selected as trial errors through simulation based
on the change (about 0~12%) in turbulence intensity. Since the turbulence strength that
could be implemented in the wind tunnel experiment was around 10%, the interpolation
range of the input wind speed rate was selected within the corresponding range of about
12 m/s2. The fuzzy rules for the three sub-systems for each wind speed region and the
fuzzy rules for the wind speed derivative are shown in Table A2.
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