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Abstract

The main control goal of a wind turbine (WT) is to produce the maximum energy in any operating region. When the wind speed is
under its rated value, the control must aim at tracking the maximum power point of the best power curve for a specific WT. This is
challenging due to the non-linear characteristics of the system and the environmental disturbances it is subjected to. Direct speed
control (DSC) is one of the main techniques applied to address this problem. In this strategy, it is necessary to design a speed controller
to adjust the generator torque so to follow the optimum generator speed. In this work, we improve the DSC by implementing this speed
controller with a radial basis function neural network (NN). An unsupervised learning algorithm is designed to tune the weights of the
NN so it learns the control law that minimizes the generator speed error. With this proposed unsupervised neural control methodology,
the electromagnetic torque that allows the optimal power extraction is obtained, and thus the best power coefficient (Cp) values. The
proposal is tested on the OpenFAST non-linear model of the National Renewable Energy Laboratory 1.5 MW WT. Simulation results
prove the good performance of this neuro-control approach as it maintains the WT variables into the appropriate range and tracks
the rated operation values. It has been compared with the controller included in OpenFAST giving up to 7.87% more power.
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1. Introduction
The growing interest in renewable energies in recent decades has
made them become a topic of constant research. With the inten-
tion of reducing the use of fossil fuels, special attention is being
paid to improving clean alternative technologies. With them, the
increase in efficiency in energy production is a closer reality, as
well as the reduction of the environmental impact and the effect
on climate change. In this line, wind power generators are one of
the most used resources (Tiwari & Babu, 2016), together with so-
lar photovoltaic energy (Hernández & Santos, 2021; Saxena et al.,
2020; Saxena et al., 2021a) and other clean sources (Lobo & Santos,
2019; Zhou et al., 2020).

Wind energy devices demand increasingly accurate and sophis-
ticated electronic systems, more advanced generators, and effi-
cient control to strengthen the robustness of the solutions and to
improve energy production (Hossain & Ali, 2022; Tomás-Rodríguez
& Santos, 2019). Thus, wind turbines (WTs) are in continuous de-
velopment, in which the optimization of the operation is a key
issue.

In this context, control plays an important role in wind power.
Depending on the region of operation of the wind device and envi-
ronmental conditions, various control actions can be applied. For
example, the pitch angle of the blades, the angular speed of the
generator, or the yaw angle of the nacelle can be adjusted. In all
cases, the ultimate goal of the control is to make the most of the
wind resource to produce more energy. The pitch angle control is
used to modify the area of the blades facing the wind to stabilize

the WT around its nominal power when the wind speed exceeds
its rated value. On the other hand, the angular speed of the rotor is
controlled to follow the best power curve for a specific WT, which
is usually called maximum power point tracking (MPPT), and is
applied in the region of operation of the turbine when the wind is
below its rated value. The MPPT control concept is also applied in
the solar energy field (Saxena et al., 2021b). Finally, the yaw con-
trol rotates the nacelle to match the wind direction (Horno et al.,
2020).

In this work, we have focused on MPPT control. The challenges
of this control are fundamentally due to the non-linearity of the
WT and to the fact that it may be subjected to environmental dis-
turbances, especially to changes in climate conditions that also
present uncertainty. One of the most used control techniques in
this WT region is direct speed control (DSC; Abad et al., 2011). This
control strategy calculates the generator speed reference based on
the optimum power coefficient; then, considering the speed error,
it adjusts the generator torque by means of a regulator, usually
a proportional-integral-derivative (PID) controller. Since the rela-
tionship between speed error and torque is not linear and it de-
pends on the operating point, the use of a PID for this task has
some limitations (Zouggar et al., 2021). To reduce the influence
of the operating point, a gain-scheduling strategy can be imple-
mented; however, this complicates the tuning of the controller in
real time. For this reason, research has been carried out on the
application of intelligent control techniques that have given good
results for this and other WT control problems (Hemanth Kumar
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et al., 2018; Pande et al., 2021; Sierra-García & Santos, 2021b; Sierra-
Garcia & Santos, 2022).

In this sense, neural networks (NNs) have been successfully ap-
plied to model and control complex systems, including WTs, as
they are able to adapt to changes in the environment and learn
the best control law for a system (Sierra-García & Santos, 2021a).
For this reason, in this work it is proposed to replace the PID regu-
lator in the DSC strategy with an NN capable of learning online to
control a land-based WT through the MPPT. The NN implements
the control law and its adaptability is achieved through an un-
supervised learning algorithm (ULA) that iteratively adjusts the
weights of the NN to reduce the error. This characteristic allows it
to adapt to changes in the system, to deal with uncertainties, and
to work correctly in different operating conditions.

Specifically, a radial basis function neural network (RBF-NN)
has been used to control a doubly fed induction generator (DFIG)
WT. This technique is applied to complement a conventional DSC
control scheme that calculates the speed reference, consider-
ing the electromagnetic torque and aerodynamic parameters, to
achieve the MPPT. The objectives of this proposal are to extract the
maximum energy despite wind variations and to increase gener-
ation efficiency with a rapid response to the fluctuating behavior
of the plant. This way, the WT can adapt its operation to the opti-
mal values of the mechanical and electrical variables with greater
precision, improving the effectiveness of the MPPT procedure.

The learning algorithm online updates the NN weights to re-
duce the speed error as the wind speed varies and thus, so does
the turbine dynamics. In this way, the controller learns the control
that better regulates the torque reference to minimize the speed
error. The DSC is used to generate the instantaneous generator
speed reference and to obtain the error signals that will feed the
NN inputs. The NN then reacts to these random non-linear speed
changes and calculates the appropriate electromagnetic torque
to stabilize the system. The performance of this hybrid control
scheme is compared with the reference OpenFAST controller for
a National Renewable Energy Laboratory (NREL) 1.5 MW turbine,
giving around 7.87% more power. In addition, the influence of the
parameters of the NN and the learning algorithm has been ana-
lyzed in detail to explore the effect they have on the control re-
sponse.

The rest of the paper is structured as follows. Some related
works are commented in Section 2. The mathematical model of
the WT and the MPPT control approach are described in Section
3. The proposed hybrid neuro-DSC control is explained in Section
4. Section 5 discusses the results of the simulation experiments
and analyzes the effects of some parameters on the response. The
paper ends with the conclusions and future works.

2. Related Works
In the literature, WT MPPT control is mainly addressed with
conventional control methods. Nevertheless, these classical con-
trollers may present a poor response, with some limitations due
to the intrinsic non-linear dynamic of the WT. The limitations of
these control solutions are shown especially when wind speed ex-
periences variations, according to its random nature. Moreover,
the laborious tuning of the parameters and the slow response of
some of these control methods are the major drawbacks of their
application (Kumar et al., 2019). Some of the traditional techniques
apply indirect speed control (ISC). For instance, Pozo et al. (2021)
use ISC to control a 1.5 MW WT and compare its performance with
the controller embedded in FAST. Dbaghi et al. (2021) also exploit
ISC but in this case they combine it with the backstepping tech-
nique. This approach is tested in simulation with a 7.5 kW WT.

PID controller is also frequently applied, such as in Camblong et
al. (2006), where MPPT based on PI DSC is studied and compared
with ISC.

Other works that use PID controllers for MPPT propose differ-
ent techniques to tune the gains. In Azzouz et al. (2019) authors
use genetic algorithms (GAs) to adjust the gains of a PID to track
the maximum power point of a 3.6 MW WT generator. GAs are also
used in Belgaid et al. (2020) to tune a PI for MPPT, in this case for
a smaller WT of 7.5 kW. Particle swarm optimization is used in
Bekakra and Attous (2014) to find the optimum parameters of a
PID for MPPT. Another optimization technique used is ant-colony
algorithm, such as in Mokhtari and Rekioua (2018), where it has
been applied to tune the gains of a PID DSC MPPT controller; this
approach was later tested in a WT benchmark of 15 kW. Perturb
and observe approach has also been proposed for MPPT, some ex-
amples of these algorithms can be found in Nurzaman et al. (2017),
Hossam et al. (2019), and Mousa et al. (2021).

On the other hand, artificial intelligence techniques are being
applied to improve MPPT control. Moreover, they are efficient so-
lutions to solve some limitations of the conventional methods,
improving performance, velocity of the response, and capability
to manage the complex and non-linear behaviors of the system
in this operation region. Fuzzy logic controllers (FLCs) have been
designed for optimal WT power production on different types of
electrical machines (Naik et al., 2020). To mention some examples,
in Yaakoubi et al. (2016), authors estimate the reference velocity
that ensures the MPPT based on the power and generator speed
references for a squirrel cage induction machine. Permanent mag-
net synchronous generator (PMSG) is widely used in WT, such as
in Malobe et al. (2020), where the FLC is applied for increasing the
robustness of a sliding mode control which faces wind speed vari-
ations. In Liu et al. (2015), a Takagi-Sugeno FLC is designed for max-
imum power transfer. In Heshmatian et al. (2017), an FLC is pro-
posed which modifies the conventional hill climbing search (HCS)
control and provides the appropriate rotational reference speed
for MPPT. Using a DFIG WT, in Hou et al. (2016) a variable universe
FLC is applied considering the active and reactive power in the
MPPT problem. In Bhati and Gaur (2020), a supervised fuzzy PID
controller is designed to enhance the power extraction of the tip
speed ratio (TSR) strategy in a WT with a 2 MW DFIG. In Muñoz
et al. (2020), DSC is complemented with an FLC for a DFIG WT,
regulating the speed with changes in the torque of the machine.
The same authors extend this approach considering disturbances
in the control signals (Muñoz et al., 2021). In Zouggar et al. (2021),
ISC is compared with the DSC using both a fuzzy system and a
conventional PID that complement the DSC.

Control based on NNs has also shown its good performance
and adaptability through various architectures, applied to com-
plex models (Sierra-García & Santos, 2021c). Focusing on the field
of WT MPPT, NNs are implemented by using different types of al-
gorithms with a direct or indirect control scheme, being an alter-
native or complementary solution to conventional techniques for
maximum power extraction. To comment some works, in Pathak
et al. (2016) a backpropagation algorithm is used for indirect cur-
rent control of the voltage source converter in a wind-diesel gen-
erator microgrid. In Sabzevari et al. (2017), a NN based on particle
swarm optimization is used for wind speed estimation in the con-
trol system. This is complemented with an adaptive FLC-PI con-
troller for MPPT operation based on TSR strategy, and it is applied
in a small-scale WT. In Rhaili et al. (2018), a feedforward backprop-
agation neural network controller for MPPT is proposed; in con-
trast to our approach, the controller is trained offline and then
online applied to a five-phase PMSG WT, using the nominal power
and speed values to extract the MPPT reference. In Davoudi and
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Kasiri Far (2020), a recurrent NN based on an HCS control method
with online learning is proposed. An Elman neural network is ap-
plied in Reddy and Ramasamy (2019) to a boost-type Vienna recti-
fier for the MPPT. In Chandrasekaran et al. (2020), a cascaded NN is
applied to MPPT control of a PMSG wind power conversion system.
In Chojaa et al. (2021), a NN is designed to control the optimal WT
speed for MPPT, working together with an integral sliding mode
control of the DFIG powers.

The RBF-NN in particular has also been used for this type of WT
control. For example, Hong et al. (2013) combine it with a learn-
ing algorithm, a torque observer, and an optimal TSR-based ref-
erence speed estimation, which is applied as a sensorless control
of a PMSG WT. In Atiqur Rahman and Rahim (2020), a combina-
tion of RBF and a control strategy based on optimal ratios is stud-
ied to track suitable generator conditions and adjust the reference
speed. Unlike our approach, the RBF generates the speed reference
and then this is tracked by a PI controller.

As shown in the state of the art, NNs allow to model and con-
trol complex systems, and previous studies have used them for
MPPT WT control. However, most of them train the networks of-
fline, and the works that design a specific learning algorithm to
adjust online the neural weights are scarce. These are the main
two contributions of this paper. In this line, the proposal here de-
veloped follows the maximum energy extraction for a reference
speed that is estimated from the direct measurement of aero-
dynamic variables, within the DSC scheme. To make it possible,
a quick response in the torque is generated to regulate the WT
movement. This is achieved by using a compact intelligent con-
troller based on NNs with continuous learning that can adapt to
the changes in the system conditions.

3. WT Description
The aerodynamic model of a WT can be expressed in terms of
the power the machine harvests from the wind. The mechanical
power is determined by a set of parameters that define the WT
behavior (Equation 1):

Pa = 1
2

ρCp (λ, β ) AV3
w, (1)

where ρ (kg/m3) is the air density, A (m2) is the area the blades can
sweep, Vw (m/s) is the input wind speed, Cp represents the power
coefficient, λ is the TSR, and β (rad) is the pitch angle of the blades.

The power coefficient,Cp, that measures the efficiency of power
extraction, depends on TSR and β. A large value indicates a good
operation of the WT. That is, the machine is rotating at a suit-
able speed and the blades are set to an optimal orientation an-
gle in order to capture the maximum energy from the wind. The
Cp(λ, β ) function normally is obtained empirically, although it can
be mathematically approximated by Equations (2 and 3), where
c1, c2, c3, c4, c5, c6, c7, c8, and c9 are a set of constant values that
describe the WT, and are usually obtained by identification tech-
niques. This expression illustrates the non-linear dynamics of the
turbine. It is influenced by the technical characteristics of the
wind device, represented with the parameters c1–c9 that define a
specific type of WT. This equation is commonly used to obtain
a set of curves representing the turbine behavior under differ-
ent wind conditions. Each curve is obtained with a different pitch
angle. In addition, it can be also used to approximate the opti-
mal parameters of the WT—Cp.opt, λopt, and βopt—that allow the
maximum power extraction:

Cp (λ, β ) = c1

(
c2

λi
− c3β − c4β

c5 − c6

)
e− c7

λi (2)

Table 1: Wind turbine parameters.

Parameter Value

WT capacity 1.5 MW
Number of blades 3
Electrical machine DFIG
Cp.opt 0.48
λopt 7.1
βopt 2º
R 42.75 m
N 72
Rated rotor speed 16.66 rpm
Nominal wind speed 11.5 m/s

λi =
[(

1
λ + c8β

)
−

(
c9

β3 + 1

)]−1

. (3)

Regarding the TSR, it is calculated using Equation (4), where
the blades’ length is R (m), ωr (rad/s) is the rotational speed, and
Vw (m/s) the wind speed:

λ = ωr · R
Vw

. (4)

In this paper, the NREL 1.5 MW onshore WT model is used, for
which the maximum operational parameters are specified in Ta-
ble 1. These values are obtained through aerodynamic simula-
tions with software OpenFAST (by NREL).

3.1. Generator mathematical model
The electrical representation of the DFIG generator type here con-
sidered can be described by the Park transform. This representa-
tion analyzes the system into a d–q frame, where the electrical
variables of voltages and fluxes are decomposed in each of these
dimensions. Voltages (V) are modeled with Equation (5) and fluxes
(ϕ) with Equation (6). The subscripts (r) and (s) denote rotor and
stator, respectively. The subscripts (d) and (q) denote the compo-
nent of the d–q frame.

Vds = Rs ids + dϕds

dt
− ωeϕqs

Vqs = Rs iqs + dϕqs

dt
+ ωeϕds

Vdr = Rr idr + dϕdr

dt
− ωslpϕqr

Vqr = Rr iqr + dϕqr

dt
+ ωslpϕdr (5)

ϕds = Ls ids + M · idr

ϕqs = Ls iqs + M · iqr

ϕdr = Lr idr + M · ids

ϕqr = Lr iqr + M · iqs, (6)

where R (�) is the resistance, i (A) is the current, ωe (rad/s) is the
angular speed, ωslp (rad/s) is the slip angular speed, L (H) is the
inductance, and M (H) is the mutual inductance.

In the same way, the electromagnetic torque, Tem, can be repre-
sented in terms of the d–q components, according to Equation (7).
Currents and fluxes are the more influential factors regarding the
generator torque, and all these elements contribute to the device
operation:

Tem = 3
2

p
M
Ls

(ϕqsidr − ϕdsiqr ) , (7)

where p is the pair of poles.
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Figure 1: Two-mass powertrain model.

3.2. Mechanical powertrain model
The mechanical system is represented by using a powertrain ap-
proximation with a two-mass model (Semrau et al., 2015), as can
be seen in Fig. 1.

The low-speed shaft (LSS) at the turbine side and the high-
speed shaft (HSS) at the generator side constitute the main ele-
ments of the powertrain. The gearbox ratio N (Equation 8) makes
it possible to join these two parts, allowing the transmission of
movement between the LSS and HSS through a proportional rela-
tionship among variables:

N = wg

wr
= ẇg

ẇr
= Tr

Tem
. (8)

The components of the HSS and LSS sides such as angular ac-
celerations, torques, and inertias, are representative elements of
the mechanical model definition (Equation 9):

Jr + N2 Jg = Tr − NTem

ω̇r
. (9)

In these expressions, wr (rad/s) is the rotor angular velocity and
wg (rad/s) is the generator angular velocity; ω̇r (rad/s2) is the ro-
tor angular acceleration that can be expressed regarding the gen-
erator side as ω̇r = ω̇g

N by using the gearbox ratio, with ω̇g as the
generator acceleration; Tr (Nm) is the rotor torque and Tem (Nm) is
the electromagnetic torque; and Jr (Kg · m2) is the rotor inertia and
Jg (Kg · m2) is the generator inertia. This expression, Equation (9),
can be used to estimate the rotor torque from the electromagnetic
torque and the rotor angular acceleration.

4. NNs Based MPPT Control Strategy
4.1. Conventional DSC
The conventional DSC control diagram is shown in Fig. 2a. As it is
possible to observe, with the DSC strategy, a generator speed ref-
erence is continuously calculated in order to track the maximum
point of the power curve, MPPT. This generator speed reference
is then used as control reference for a WT speed controller. The
DSC calculates this speed reference by Equation (10) (Abad et al.,

Figure 2: (a) Conventional DSC. (b) DSC improved by NN (DSC-NN).

D
ow

nloaded from
 https://academ

ic.oup.com
/jcde/article/10/1/108/6912246 by guest on 07 July 2024



112 | Journal of Computational Design and Engineering, 2022, Vol. 10, No. 1

Figure 3: Global simulation scheme.

Table 2: Specifications of the electrical machine.

Parameter Value

DFIG power 1.5 MW
Rated speed 1200 rpm
Pair of poles, p 3
Frequency 60 Hz
Rotor resistance, Rr 0.99 m�

Stator resistance, Rs 1.4 m�

Rotor inductance, Lr 0.082 mH
Stator inductance, Ls 0.09 mH

2011; Camblong et al., 2006). Once the desired generated speed is
obtained, the speed error is calculated and the speed controller is
in charge of obtaining the electromagnetic torque reference to fol-
low the speed reference without error. This speed controller is nor-
mally implemented by a PID regulator, although other approaches
can be used.

The DSC uses the rotor torque Tr and the optimal constant Kopt

to obtain the generator speed reference, ωgen_ref ( Equation 10).
With this aim the rotor torque is usually indirectly estimated from
the generator torque and the rotor acceleration, using Equation
(9). On the other hand, the optimal constant Kopt (Equation 11)
is defined from the optimum TSR, i.e., λopt, and the optimum Cp,
Cp.opt; the blades length is R and the air density is ρ:

ωgen_ref = N

√
Tr

Kopt
(10)

Kopt = 1
2

πρCp.opt
R5

λ3
opt

. (11)

4.2. DSC improved by NNs
In order to generate the reference of the electromagnetic torque
for the MPPT strategy, an RBF-NN whose weights are dynamically
updated by a ULA is designed. This improved DSC control archi-
tecture is shown in Fig. 2b. In short, the speed controller in Fig. 2a
is replaced by an RBF-NN.

In this DSC-NN control scheme, the speed error, Errωgen, and
its derivative, Errω̇gen, are the inputs of the RBF-NN. The Errωgen

is the difference between the reference speed ωgen_ref (Equation
10), and the actual generator speed, ωgen. The output of the neuro
controller is the reference of the electromagnetic torque, Tem_ref ,
that allows the WT to reach the maximum power point. A refer-
ence power, Pref , can be obtained with Equation (12). This control
is executed at each control period, Tc:

Pref = Tem_ref ∗ ωgen. (12)

Figure 4: MSE for the best RBF-NN configuration.

The implementation of this control strategy involves three
main components. The RBF-NN controller that represents the
mapping function between the speed error and the torque ref-
erence, which implements the control law to follow the desired
speed; the learning algorithm i.e., a function that updates the neu-
ral weights during the WT system operation, so the NN online
learns this control law; and finally, the weights initialization block
that introduces a uniform value for all weight of the neurons, ini-
tially set to 1 at the beginning of the control loop, but which are
continuously updated by the learning procedure.

In order to apply the RBF network, the input variables are dis-
cretized in a bi-dimensional space, limited by the maximum and
minimum speed error and by a defined range of the derivative
speed error. In the simulations, these ranges are set to [−1200,
1200] rad/s and [−400, 400] rad/s2, respectively. Within the range
of these inputs, an equally distributed grid is created to locate
the centers of the RBF neurons. Hence, the distance between cells
changes accordingly to the number of neurons. The generation
of this grid has been inspired and adapted from the pitch control
presented in Sierra-García and Matilde (2020). Once the grid is
generated, the centers of the neurons are located at the intersec-
tion of the grid division lines. The total number of neurons is given
by Equation (13):

NT = (Nx + 1) · (
Ny + 1

)
, (13)

where Nx and Ny are the number of grid cells of error speed and
its derivative, respectively. The center of the i-neuron is denoted
with the pair (cix, ciy).

The output of the RBF can be approximated by Equation (14),
as a sum of exponential functions multiplied by an adjustment
factor Wi, which represents the i-neuron weight:

RBFout =
NT∑
i=1

Wi · e
−

(
normDist(cix , ciy ,Errωgen , Errω̇gen )

δ

)
, (14)
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Figure 5: RBF-NN control response. (a) Generator speed. (b) Output power.

Figure 6: Power coefficient with the best RBF-NN configuration. (a) Original response. (b) Zoomed response.

Table 3: Sampled simulation results.

Time (s) DSC-NN OpenFAST

MSE
ωgen

[rad/s] P [MW] Cp MSE
ωgen

(rad/s) P (MW) Cp

25 57.372 1100.8 1.1303 0.4745 151.810 950.8 0.7087 0.4423
50 41.174 1044.4 1.0232 0.4778 107.840 1042.7 0.9349 0.4777
75 34.450 1079.1 1.0319 0.4724 88.236 1067.2 1.0023 0.4707
100 32.110 1181.7 1.3747 0.4759 76.480 1137.9 1.2150 0.4709
125 30.414 1178.6 1.3737 0.4748 68.447 1166.9 1.3104 0.4735
150 28.516 1160.0 1.2955 0.4731 62.557 1156.5 1.2755 0.4726
175 27.139 1155.6 1.4335 0.4740 58.002 1165.5 1.3056 0.4751
200 26.034 1188.0 1.3882 0.4753 54.313 1181.0 1.3582 0.4746

Table 4: Efficiency indicators

e f fCp
e f fP Pavg (MW)

DSC-NN 98.06% 76.38% 1.1463
OpenFAST 96.24% 70.77% 1.0627

where δ is the width of the RBF neuron and normDist is the nor-
malized distance between the center of a neuron (cix, ciy) and the
point defined by the error pair (Errωgen, Errω̇gen), i.e., Equation (15):

normDist =

√√√√(
cix − Errωgen

)2

Errω2
gen_max

+
(
ciy − Errω̇gen

)2

Errω̇2
gen_mac

. (15)

As it is possible to realize, the distance of the pair
(Errωgen, Errω̇gen) to a specific neuron is related to the effect
that the neuron has on the network output. The smaller the
distance, the closer to 1 the neural output is, following a negative

exponential function curve. The final RBF output is obtained
by the addition of the output of all neurons weighted by their
corresponding coefficients Wi.

Because of the inverse relationship between the generator
speed and the electromagnetic torque (Equations 9 and 12), the
RBF output must be inverted. Therefore, RBFout is multiplied by −1
and the resultant reference electromagnetic torque is obtained.

4.3. Unsupervised learning algorithm
To ensure the NN executes the proper control law, a learning pro-
cess that adjusts the neuron weights in order to reduce the speed
error while the system is working has been implemented. The ULA
updates the weights taking into account the speed error. If this er-
ror grows, the weights of the network are increased; this increases
the output of the NN, which reduces the electromagnetic torque
and raises the generator speed. This way the speed error is re-
duced, and the control loop is established. The expression that
summarizes this NN learning process in the time domain t is given
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Figure 7: System response with Kp variations. (a) Generator speed. (b) Output power.

Figure 8: Power coefficient with Kp variations. (a) Original response. (b) Zoomed response.

Figure 9: MSE with Kp variations.

by Equation (16):

Wj (ti ) = Wj (ti−1) + μ · (
KpErrωgen (ti ) + KdErrω̇gen (ti )

) · e−( normDist
δ ),

(16)

where Kp and Kd are constants that modulate the contribution
of the speed error and its derivative in the learning, and μ is the
learning rate.

As each neuron has a different contribution to the network out-
put depending on the distance (Equations 14 and 15), the ULA also
considers the distance of each neuron to regulate the increment
of each weight.

As said before, the variation of the weights is related to the error
of the generator speed. Large errors indicate that the output of the
NN is far from the optimum value, so the increments should be
large. On the contrary, when the error is zero it means that the
RBF output is correct and therefore, the weights must be kept.

In supervised learning algorithms such as gradient descent
backpropagation, the expected output of the network is known a

priori. This way, the algorithm calculates the weights to minimize
the error between the expected output (target) and the real output
of the network. However, in our case, we do not know the expected
output of the network, as we do not know a priori the mapping
function between the speed error and the generator torque refer-
ence. This relationship is the control law, and is learnt online while
the system is working. For this reason, this learning algorithm is
unsupervised.

In summary, the learning is shown in the adaptation of the neu-
ral weights that is done considering the input speed errors, result-
ing in the minimization of the generator speed error by the output
variable of the neuro-controller.

5. Discussion of the Results
Several simulations of the proposed DSC-NN control algorithm
were run. Results are compared with the embedded OpenFAST
MPPT control torque. The simulations last 200 s. The simulation
step specified in OpenFAST and Simulink is constant and is set
to 5 ms. The wind speed follows a random profile between 9 and
11.5 m/s, as the specific WT used operates in the MPPT region for
this wind speed range. The results have been obtained using Mat-
lab/Simulink software for the control algorithm and OpenFAST
for the realistic NREL 1.5 MW WT simulation. The global simula-
tion scheme used is shown in Fig. 3.

As it is possible to see in this Fig. 3, the controller and the DFIG
generator models are simulated in Simulink. On the other hand,
the aerodynamics and the structural model of the WT are simu-
lated in OpenFAST.

The representative parameters of the generator used in this
work are listed in Table 2.

In addition, to evaluate the influence of the parameters of
the controller and the learning algorithm on the WT response,
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Figure 10: System response with Kd variations. (a) Generator speed. (b) Output power.

Figure 11: Power coefficient with Kd variations. (a) Original response. (b) Zoomed response.

Figure 12: MSE with Kd variations.

different simulations have been carried out varying the configu-
ration parameters. In Section 5.1, the results of the best configu-
ration found are discussed. From Section 5.2 on, an analysis of the
influence of these parameters is presented.

5.1. Evaluation of the control performance
The best configuration found in terms of minimum mean squared
of the speed generator error (MSE) and maximum generated
power is described below. The RBF-NN has 121 neurons and width
δ = 0.1; the learning rate μ is set to 0.2; the control period Tc is 20
ms. The proportional and derivative gains of the implemented PD
controller (Kp, Kd) are (3, 0.05).

We used iterative simulations, changing the value of these pa-
rameters and measuring the mean square error (MSE). According
to this metric, the gains were updated, increasing or decreasing
their values to decrement the error response. Finally, the config-
uration (Kp, Kd) with smallest MSE was selected. These controller
gains give a response that meets the MPPT control requirements

and maintains the WT variables within the optimal operating
ranges.

Figure 4 compares the MSE curve obtained with DSC-NN (blue
line), and with OpenFAST (green line). It is possible to see how with
the DSC-NN the error decreases very quickly, mainly the first 25
s, reaching a smaller value than with the OpenFAST MPPT. Thus,
the DSC-NN can be considered better regarding the system dy-
namics, with a more accurate and quicker response. This means
that the NN control algorithm can provide a suitable electromag-
netic signal to regulate the generator, and thus the turbine speed
is rightly adjusted. The system performance is then adjusted to
the dynamic changes of the device and the input wind speed.

As a result of the MSE decrease, the evolutions of the generator
speed, Fig. 5a, and output power, Fig. 5b, also show that the pro-
posed DSC-NN control approach works well. Indeed, the neuro-
control strategy achieves the rated values, and in terms of output
power, although the response is a bit more oscillatory and with
noise, the amount of power captured and generated using this
controller is bigger. The control and learning actions allow fast re-
action of the system in order to regulate the speed and maintain
the optimum TSR. Thus, the relationship between turbine rotor
speed and wind speed remains balanced. In this process, those
changes produce continuous variations in the power which jus-
tify its behavior. Finally, this adaptation to the system dynamics
means a higher level of power production.

In the same way, regarding the Cp curve (Fig. 6), the DSC-NN
control reaches the optimal Cp reference in around 10 s, and then
it keeps that value along the simulation, making it possible to gen-
erate more power than with the OpenFAST control, that requires
around 40 s to get the reference; i.e., the neuro-control is 75%
faster. Thus, the DSC-NN control allows tracking the maximum
power point with greater precision and speed. This proves its effi-
ciency in the operating region of the MPPT, where the interaction
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Figure 13: System response with learning rate variations. (a) Generator speed. (b) Output power.

Figure 14: Power coefficient with learning rate variations. (a) Original response. (b) Zoomed response.

Figure 15: MSE with learning rate variations.

between the variables of the WT is controlled more effectively.
Fig. 6b shows a zoom of the Cp curve in order to observe the dif-
ferences between both responses.

Table 3 summarizes the obtained results. The values of the vari-
ables are acquired every 25 s to make easier observe the numerical
differences between the DSC-NN control and the OpenFAST con-
troller. The results show that the implementation of the DSC-NN
control presents some advantages, as it extracts more power over
time, showing a higher efficiency according to the higher values
of the power coefficient kept along the simulation. The MSE re-
sponse also proves that the proposed controller is more accurate;
indeed, the MSE is approximately half of the error given by the
OpenFAST controller.

As another indicator of efficiency, the closeness to the nominal
Cp and rated WT power are calculated using Equation (17):

e f fA =
∑n

i=1
Ai

Amax

n
· 100%, (17)

where A denotes the variable to be analyzed, Cp or power (P). The
number of elements is n, and max indicates the optimal or nomi-
nal value of the variable.

Additionally, the generated average power Pavg is obtained for
the simulation time Tsim of the experiments, using Equation (18):

Pavg = 1
Tsim

∫ Pout (t) · dt. (18)

Table 4 shows the metrics defined by Equations (17 and 18) that
measure the efficiency of the MPPT controllers.

These indicators reflect that proposed neuro-controller gives
more energy, specifically, 7.87% more than the OpenFAST MPPT
control.

In short, the neural control system is more effective, following
the reference with smaller error. The learning algorithm allows
the controller to quickly adapt to the plant and operate with good
results in the MPPT region.

5.2. Influence of the parameters of the learning
algorithm

To select the best NN configuration, the influence of the learn-
ing algorithm parameters has been analyzed. In addition, some
knowledge can be obtained regarding the tuning of the controller
when some values of the WT dynamics change.

5.2.1. Kp and Kd variation
To establish the variation range of the tuning parameters of the PD
controller, the influence of the proportional gain Kp is evaluated
varying it between 0.1 and 5. For these values of Kp, Fig. 7a shows
the generator speed and Fig. 7b the output power. The power co-
efficient is represented in Fig. 8, and the MSE in Fig. 9. According
to these graphics, when the proportional gain increases the sys-
tem response improves, i.e., the error is reduced and the speed

D
ow

nloaded from
 https://academ

ic.oup.com
/jcde/article/10/1/108/6912246 by guest on 07 July 2024



Journal of Computational Design and Engineering | 117

Figure 16: System response with variations of the number of neurons. (a) Generator speed. (b) Output power.

Figure 17: Power coefficient with variations of the number of neurons. (a) Original response. (b) Zoomed response.

Figure 18: MSE with variations of the number of neurons.

and Cp values are closer to their optimal values, so the generated
power reaches higher values. With small values of Kp, the system
cannot be controlled (Fig. 9). If the value is well selected, the con-
troller improves the system response and acquires more stability
and better performance.

Except for very small values of Kp, the MSE error with the NN
algorithm is much smaller than with the OpenFAST control.

Increasing slightly the value of the Kd tuning parameter, the
system response is smoother and more stable, and the error is
reduced. However, high values of this parameter increase the os-
cillations of the generator speed (Fig. 10a) and thus, the other vari-
ables.

Figure 10b shows the necessity of adjusting the derivative gain
to small values so not to make the output power too oscillatory.
The same happens with the power coefficient (Fig. 11a and b).
Furthermore, aiming to reduce control effort and computational
complexity, this gain can be even set to 0. Its influence on the final
results is negligible.

The MSE (Fig. 12) is still very low for small values of this param-
eter but along the simulation it gets worse for higher values.

5.2.2. Learning rate variation
The learning rate directly influences the control quality. Very
small or very large values may cause erroneous results while a
value around 0.2–0.4 makes the control effective. This may be
explained as this parameter multiplies the proportional and the
derivative PD gains, and it has been shown that small Kp values or
large Kd values increase the oscillation of the response. Figures 13–
15 are clear evidence of this. As it can be seen, μ = 0.2 is the best
value found with the simulations. In addition, the DSC-NN con-
troller gives better response than the OpenFAST torque control
with this learning rate.

5.3. Influence of the RBF-NN configuration
5.3.1. Number of neurons
The number of neurons of the RBF-NN is also a factor to be taken
into account as it also has some effects on the system response.
The generator speed, output power, Cp and MSE are shown in
Figs. 16–18, respectively, when the number of neurons of the RBF-
NN varies. In general, more neurons improve the control. In this
case, with 11 × 11 = 121 neurons, the controller generates an ad-
equate output for each variable involved in the control scheme.
On the opposite, with a small number of neurons the controller
cannot work efficiently or even the WT cannot be controlled, as
in the simulated case with 3 × 3 = 9 neurons. In this particular
case, the power results are saturated to the rated 1.5 MW for vi-
sualization purposes, to see how the variables evolve with these
changes. But the fact is that with a specific number of neurons
below a threshold, the system variables are out of the appropriate
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Figure 19: System responses with activation function weight variations. (a) Generator speed. (b) Output power.

Figure 20: Responses with activation function weight variations. (a) Power coefficient. (b) MSE.

Figure 21: Responses with control period variations. (a) Generator speed. (b) Output power.

ranges, concluding that the control does not work for that small
number of neurons.

In terms of comparison with other controllers, results with the
NN are more accurate, faster, and with smaller error than with the
OpenFAST control when this factor is set to a suitable number.
In addition, in order to reduce computational time, the number
of neurons was set to 9 × 9 = 81 as it is a good choice and the
differences with using 121 neurons are almost negligible.

5.3.2. Activation function weight
The influence of the activation function weight is clear. As ex-
pected, a small value helps the control to work more efficiently,
as it improves the accuracy of the mapping function implemented
by the NN. On the contrary, large values of this parameter cause
neurons whose center is far from the input influence the network
output, and thus, distort the results. Indeed, large values produce
bigger errors and oscillations. The control variables considered in
this analysis are shown in Figs. 19 and 20, when activation func-

tion weight changes. The value of 0.1 generates the best system
response.

5.4. Influence of the control period
Finally, the influence of the control period is tested and shown in
Figs. 21–23. If this parameter grows too much, the control is not
able to adapt to the dynamic behavior of the WT with the required
speed. This effect negatively influences the results. In the opposite
case, when the control period is set to a very small value, the con-
trol becomes too oscillating and the effects are similar in terms of
losing control. With an appropriate value (Tc = 0.02), the controller
adapts to the system dynamics and gives good performance.

6. Conclusions and Future Works
In this work, the MPPT control of a WT is addressed with a control
architecture that combines conventional DSC with an RBF-NN. A
ULA is applied so the controller learns online how to regulate the
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Figure 22: Power coefficient with control period variations. (a) Original response. (b) Zoomed response.

Figure 23: MSE with control period variations.

generator torque reference in order to minimize the speed error.
This hybrid intelligent control scheme allows the control to track
the required generator rotational speed and thus, to reach the
maximum wind energy generation. This way, the controller reacts
faster and it better follows the optimal power point so to maxi-
mize the energy conversion and to improve the system responses
facing wind speed variations. The proposed neural controller has
been compared with the torque controller included in OpenFAST,
giving better results according to different metrics, which vali-
dates the effectiveness of the proposed intelligent approach. In-
deed, the neural-based control strategy provides around a 7.87%
more power.

In addition, the influence of the control related parameters on
the system response has been analyzed. In general, the increment
of the PD gains Kp and Kd improves the system response, although
they cannot be very high to avoid oscillations. The learning rate
has a similar behavior; very small values make the system not
learn but very large ones make it more oscillatory.

As future work, we may highlight the evaluation of this ap-
proach using recurrent NNs and the implementation and testing
of this hybrid control strategy in a small WT prototype.
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