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Abstract
This paper presents a novel maximum‐power‐point tracking algorithm of a vertical‐axis
wind‐turbine (VAWT) generation system using neural network compensator on the basis
of a digital signal processing chip. First, the mechanical power versus rotation‐speed
curve of a 3‐kW VAWT generator was constructed by means of the measurement data
in various wind speeds. Because the slope of the wind‐turbine output power is a non‐
linear function of the generator output current, air density, wind speed, and the char-
acteristics of the wind‐turbine generator, the analytic solution for the maximum power is
difficult to obtain due to its complexity, nonlinearity, and uncertainties of parameters. The
innovation of this study is to obtain the maximum power of the wind‐turbine system
using a recurrent neural network (RNN) by transferring the maximum‐power‐point
tracking problem into a unit‐step‐command regulation problem despite the variation
of the wind speed, ambient air density, and the load electrical characteristics. The un-
certainties in the system are compensated by the RNN, which is composed of three‐layer
networks with three neurons and feedback loops in the hidden layer for capturing the
characteristics of the wind‐turbine generator system. Without the necessity of wind speed
sensor, it only needs the generator output current and rotation speed as the inputs of the
input layer. This structure containing only six neurons totally is simpler than the existing
work. The duty cycle of the boost converter is determined by a proportional‐integral
controller, the parameters of which are determined via a genetic algorithm by the min-
imisation of a performance index function with the help of MATLAB simulation tool.
From the simulation and experimental results, the validity of the proposed control
scheme was verified under various wind speed conditions. The performance efficiency
and the tip speed ratio in each case of the experiment is near the optimal values of 0.28
and 4.3, respectively. The output power achieves 2048.4 W at the wind speed of 11 m/s in
the steady state.
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1 | INTRODUCTION

Climate change and environmental pollution are nowadays the
critical issues in the world. The main cause of the problems is
the carbon production by the exhaustion of fossil fuels.

Therefore, many countries actively seek the development of
renewable energies to replace the fossil fuels and achieve the
goal of carbon neutrality by next 30–40 years. The most
popular renewable energies are the wind and solar energies,
which can be extracted by using power electronic control
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technology to become a stable power supply. Between them,
wind energy is more difficult to control because of its complex
dynamic characteristics. Recently, wind energy has become
more and more interesting in electric power applications
because of the rapid growth in the power electronics and
advanced control techniques [1–4]. In order to harvest the
highest output power of wind‐turbine energy conversion sys-
tems, an effective maximum‐power‐point tracking (MPPT)
scheme is essential.

Up to now, three main MPPT control schemes for wind
energy conversion systems (WECS) have been developed
including hill‐climb search (HCS) method [5–10], tip speed
ratio (TSR) method [11–13], and power signal feedback (PSF)
method [14, 15]. In the HCS control method, based on the
locality of the operating point, the maximum power point of
the wind‐generator is continuously searched. Conventional
perturbation and observation (P & O) method is one of the
HCS control methods and commonly used due to its ease of
implementation, but it has some drawbacks such as continuous
oscillations around an operating point and slow tracking per-
formance. In the TSR control method, the information of
wind and rotor speed to regulate the wind‐turbine rotation
speed is required so as to keep an optimal value of the TSR for
maximum power tracking. In this method, the wind speed can
be given either by measurement or estimation, but it strongly
relies on the wind‐turbine characteristics provided by the
manufactures to obtain the optimal TSR value. In addition, the
mechanical sensors for the measurement of the wind speed not
only increase the cost but also reduce the reliability of the wind
generators. In the PSF control method, in order to deliver
maximum power of the wind turbine, the optimal output po-
wer versus rotation speed curve is tracked, but the accuracy of
which is greatly affected by the working environment of the
wind‐turbine conversion systems.

The aforementioned MPPT control schemes can be further
divided into deterministic approaches and intelligent fuzzy
logic or neural network approaches [16–22]. The traditionally
deterministic methods are simple. But they usually do not have
good tracking performance, because the output power of a
wind‐turbine generator is practically a complex function of the
wind speed, ambient air density, and the load electrical char-
acteristics. Moreover, the analytic solution for the maximum
output power of the wind‐turbine system is hard to obtain due
to its nonlinearity, complexity, and uncertainties of parameters.
To cope with this problem, a Takagi–Sugeno (TS) fuzzy model
was proposed for interconnected wind turbines, and then a
parameter varying model predictive control (PVMPC)
approach was designed, which can achieve a good performance
and reach the point of maximum power quickly [21]. In Ref.
[22], a PSF‐based robust adaptive (RA) MPPT strategy with
constant tracking speed was proposed for variable‐speed
WECS, in which accurate system parameters were not
needed in the implementation. However, the above two
methods need the optimal TSR value to get the generator
rotation speed reference.

Multi‐layer neural networks are alternatively developed
with higher accuracy and have been widely used to

approximate an arbitrary input‐output mapping of an uncertain
and non‐linear system so as to have a better tracking and faster
convergence property [23–30]. In Ref. [23], a neural‐network
based estimator was proposed for the estimation of wind
speed in a small wind generation system, in which the wind‐
turbine output power can be tracked very well but with large
power deviation in transient response. In Ref. [24], an Elman
neural network (ENN) was applied in a stand‐alone hybrid
power generation system with the wind‐turbine pitch angle
control for maximum power tracking. The simulation results
show its control performance is better than a proportional‐
integral (PI) controller with less transient and smaller vibra-
tions, but it needs an anemometer to get the wind speed in-
formation. Based on growing neural gas (GNG), wind speed
estimation embedded in an MPPT technique is presented in
Ref. [25]. The complete training set of data from the turbine
model was created by the GNG network with offline learning,
but it needs a large amount about 800 neurons for the learning.
In Ref. [26], an MPPT strategy with neural network and genetic
algorithm (GA) is presented. In this method, the non‐linear
dynamics of a wind turbine is learnt by the neural network
with offline training and is then used as a reference model by
the GA algorithm to provide a feedforward reference speed
signal for the speed control of the wind turbine. In order to
cope with uncertainties left from the feedforward stage in the
system, a PI controller is also introduced as feedback of the
whole wind‐turbine MPPT control system. In Ref. [27], for
MPPT control of PMSG WECS, an online adaptive network‐
based reinforcement learning (RL) method is presented. In
this method, when the maximum power point is learnt, the
MPPT algorithm is switched from the online RL to the optimal
relation‐based online MPPT. The online RL algorithm can be
reactivated to obtain a new optimal relationship when the
original one is no longer valid due to factors such as system
ageing. In Ref. [28], a multi‐layer perceptron neural network
(MLPNN) method without wind speed measurement is pro-
posed for the protection of the wind energy conversion system
with pitch control when the wind speed is above the rated
value. In Ref. [29], an advanced artificial neural network
(ANN) controller, which is divided into offline and online
mode, is developed for a five‐phase PMSG‐based variable‐
speed wind turbine, the required data of which to generate
the ANN model is obtained from a conventional PI controller.
Furthermore, in Ref. [30], a neuro‐adaptive generalised global
sliding mode controller is presented for the extraction of
maximum power of a variable speed wind‐turbine system, in
which the non‐linear drift terms are estimated using feed
forward neural networks (FFNNs), leading to robust capability
of the MPPT control from the start of the process. However,
this wind‐turbine rotation tracking approach relies on both the
optimal TSR and the wind speed values to get the generator
speed reference value. The abrupt wind speed variation may
affect the tracking performance of the system. In addition, the
field‐oriented control (FOC) is needed for the d‐q component
currents as the inputs to the input layer of the neural networks.

WECS systems conventionally consist of a wind‐turbine
generator, a three‐phase ac/dc converter, a dc/dc converter,
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and an inverter or batteries as the load. The characteristics of
wind‐turbine generator output power is determined by the
amount of the wind speed, ambient air density, and the load
electrical characteristics. Thus, the technologies of changing the
location of the maximum power point must be developed in
order to make the wind‐turbine generators get the optima-
lefficiency from wind energy at different operating conditions.

The innovation of this study is to get the maximum power
of a 3‐kW vertical‐axis wind‐turbine (VAWT) generation sys-
tem using neural network compensator, in which the variable
of wind speed is not necessary as the input of the neural
network, with the idea of transferring the PSF‐based MPPT
problem into a unit‐step‐command regulation problem despite
the variation of the wind speed. The duty cycle of a dc/dc
boost converter is determined by a PI controller, the param-
eters of which are determined off‐line by a GA algorithm with
the help of MATLAB by the minimisation of a non‐linear
performance index function [31, 32]. In addition, it only
needs the wind‐turbine rotation speed and generator output
current as the inputs of the neural network, which contains
only six neurons totally. By the simulation of MATLAB and
implementation of digital signal processor (DSP) TMS320
F28335, a prototype of 3‐kW VAWT generation MPPT control
system is built in this study. From the simulation and experi-
mental results, the validity of the proposed MPPT controller
was verified under various wind speed conditions.

As compared with the previous generalized global sliding
mode controller (GGSMC)/MPPT work in Ref. [30], which
employed PWM‐controlled AC/DC converter structure, the
proposed approach uses the rectified current of the AC/DC
converter (rectifier) and wind‐turbine rotation speed as the
inputs in the neural network without the wind speed infor-
mation. The wind‐turbine rotation angle information for FOC,
which may increase the computation complexity, is neither
necessary. Only six neurons, which is much less than the
previous work, are needed totally. Table 1 lists the comparisons

of the proposed approach with the three previous works of
[21, 22], and [30].

This paper is organised as follows. The formulation of
MPPT for a VAWT generator system is described in Section 2.
The proposed novel control structure for the wind‐turbine
generator with MPPT is described in Section 3. A PI
controller designed by GA algorithm and simulation verifica-
tion in MATLAB simulation tool is analysed in Section 4 and
the DSP implementation and the experimental results are
presented in Section 5. Finally, the conclusion is in Section 6.

2 | PROBLEM FORMULATION OF
MAXIMUM POWER POINT TRACKING
FOR WIND‐TURBINE GENERATOR
SYSTEMS

First, the wind power for a wind turbine is expressed as

Pwind ¼
1
2

ρAV 3
w ð1Þ

where ρ is the air density, A is the wind‐turbine blade sweep
area, and Vw is the wind speed. Extracted from the wind
power, the wind‐turbine mechanical power is then given by
multiplying Equation (1) with a performance coefficient
Cpðθ; λÞ as follows:

Pm ¼ PwindCpðθ; λÞ ¼
1
2

ρACpðθ; λÞV 3
w ð2Þ

The performance coefficient is a function of the blade
pitch angle θ and the TSR λ, which is defined as

λ¼
rω
Vw

ð3Þ

TABLE 1 Comparison among the model predictive control (MPC) [21], adaptive [22], GGSMC [30], and the proposed method

Control method
MPC Adaptive GGSMC Proposed
MPPT MPPT MPPT Method

Converter structure PWM‐controlled AC/DC
or rectifier

Rectifier and boost PWM‐controlled AC/DC Rectifier and boost

MPPT scheme TSR‐based generator
speed/frequency regulation

PSF‐based adaptive
generator speed tracking

TSR‐based generator speed
tracking sliding‐mode
controller (SMC)

PSF‐based unit‐step‐
command PI regulation

Optimal TSR value Necessary Necessary Necessary Unnecessary

Neural networks No No Three‐layer (4‐10‐6) FFNN
with 16 neurons

Three‐layer (2‐3‐1) recurrent
NN with 6 neurons

Wind speed sensor Unnecessary Unnecessary Necessary Unnecessary

FOC No No Yes No

Stability analysis Yes Yes Yes No

Verification Simulations Simulations Simulations Simulations and experiments
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where r is the wind‐turbine blade radius and ω is the wind‐
turbine rotation speed.

A general form of the performance coefficient for a
horizontal‐axis wind turbine (HAWT) was expressed as
follows [33]:

Cp ¼ c1 c2 − c3θ − c4θ2 − c5
� �

e−c6ðλ; θÞ ð4Þ

and was presented in the previous work with [34]

c1 ¼ 0:22; c2 ¼ 116=λi; c3 ¼ 0:4
c4 ¼ 0; c5 ¼ 5; c6 ¼ 12:5=λi

where.

λi ¼ 1=
1

λþ 0:08θ
−

0:035
θ3 þ 1

� �

ð5Þ

In the current work, the MPPT control design of a 3‐kW
VAWT generator (DS‐3000), which was produced by
Hi‐VAWT Inc. and installed on the University campus side, as
shown in Figure 1a, is addressed. The power versus wind speed

curve provided by the manufacturer is shown in Figure 1b. As
can be seen, the rated power is about 3 kW at the rated wind
speed of 12 m/s. The blade pitch angle of the wind turbine is
fixed, so the performance coefficient is only function of λ. In
order to develop the MPPT control algorithm of the VAWT for
reaching the maximum point at different wind speeds, we need
the Cp − λ curve and hence the Cp function with respect to λ in
closed form, by which we can obtain the mechanical power Pm
function with respect to the wind‐turbine rotation speed ω.

Table 2 shows the measurement data of the DS‐3000 wind
turbine by giving various wind speeds with the blade radius of
1.828 m. From Table 2, the performance efficiency versus TSR
curve by measurements and curve fitting is plotted in Figure 2.
The performance efficiency is expressed as a polynomial in
Equation (6):

Cp ¼ −0:0018λ3 − 0:0004λ2 þ 0:1005λ ð6Þ

which can be considered as an alternative to the analytical form
of the HAWT in Equation (4). As can be seen, the maximum

F I GURE 1 The 3‐kW vertical‐axis wind‐turbine (VAWT) generator:
(a) picture on the campus side and (b) the electrical power versus wind
speed curve

TABLE 2 The measurement data of the DS‐3000 vertical‐axis wind
turbine (VAWT)

V W (m/s) ω (rad/s) Pm (W) λ Cp

0 0 0 0 0

1 0 0 0 0

2 9.739 0 8.901 0

2.5 11.624 0 8.499 0

3 12.147 2.10 7.402 0.012

3.5 12.881 21.04 6.727 0.076

4 13.614 68.43 6.221 0.166

4.5 14.765 123.15 5.998 0.210

5 15.499 193.10 5.666 0.240

5.5 16.755 279.26 5.569 0.258

6 17.488 371.37 5.328 0.267

6.5 18.221 483.82 5.124 0.274

7 19.897 622.31 5.196 0.282

7.5 20.630 770.56 5.028 0.284

8 20.049 936.32 4.810 0.284

8.5 21.944 1116.43 4.504 0.283

9 23.248 1316.49 4.722 0.281

9.5 24.629 1545.12 3.969 0.278

10 24.085 1790.93 4.403 0.278

10.5 24.714 2056.88 4.438 0.276

11 26.703 2331.57 4.378 0.272

11.5 27.541 2642.44 4.378 0.270

12 28.379 3003.24 4.323 0.270
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performance efficiency is about 0.28 at the TSR value of 4.3.
Substituting Equation (3) into Equation (6) yields

Cp ¼ −0:0018
�

rω
Vw

�3

− 0:0004
�

rω
Vw

�2

þ 0:1005
rω
Vw

� �

ð7Þ

According to Equations (2) and (7), the Pm − ω curves at
different wind speeds can be plotted as shown in Figure 3. As
can be seen, at the maximum power points in different wind
speeds, we have

dPm

dω
¼ 0 ð8Þ

Based on Equation (8), a novel adaptive MPPT algo-
rithm for the VAWT using the neural network with the
information of wind‐turbine rotation speed and wind‐turbine

torque, which will be in terms of generator current, as the
input variables of the neural network will be developed and
described as follows.

The wind‐turbine torque and rotation speed are related to
the mechanical power of the wind turbine by Equation (9).

T ¼
Pm

ω
ð9Þ

Thus, at the maximum power point, we have

dPm

dω
¼

dðTωÞ
dω

¼ T þ ω
dT
dω
¼ 0 ð10Þ

Substituting Equations (2), (3) and (7) into Equation (9),
the wind‐turbine torque can be expressed as

T ¼
1
2

ρAV 3
w

"

− 0:0018
�

r
Vw

�3

ω2 − 0:0004
��

r
Vw

�2

ω

þ 0:1005
r

Vw

� �#

ð11Þ

and the derivative of the torque with respect to the rotation
speed is

dT
dω
¼
1
2

ρAV 3
w −0:0036

�
r

Vw

�3

ω − 0:0004
�

r
Vw

� �2
" #

ð12Þ

Because the wind‐turbine torque T is relative to the
generator output current i as

T ¼ Kti ð13Þ

where Kt is an equivalent torque constant, substituting Equa-
tions (12) and (13) into Equation (10) yields

F I GURE 2 The power efficiency versus tip speed ratio (TSR) curve of
the wind turbine by measurements and curve fitting

F I GURE 3 Power versus rotation‐speed
curves for different wind speeds
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Kti −
1
2

ρAV 3
w 0:0036

�
r

Vw

�3

ω2 þ 0:0004
�

r
Vw

� �2

ω

" #

¼ 0

ð14Þ

Then, dividing both sides of Equation (14) by Kti, we have

1 −
1

2Kti
ρAV 3

w 0:0036
r

V w

� �3

ω2 þ 0:0004

!
r

Vw

� �2

ω

" #

¼ 0

ð15Þ

which can be used for the MPPT control design by transferring
the MPPT problem into a unit‐step‐command regulation
problem employing a recurrent neural network (RNN)
described in the next section.

3 | A NOVEL CONTROL STRUCTURE
FOR THE WAWT GENERATOR WITH
MPPT

3.1 | The maximum‐power‐point tracking
control based on neural network

Since the parameters Vw (wind speed), ρ (air density), and Kt
(equivalent torque constant) in Equation (13) are uncertain
terms, they can be expressed as Vw ¼ Vw0 þ ΔVw,
ρ¼ ρ0 þ Δρ, and Kt ¼ Kt0 þ ΔKt, where Vw0, ρ0, and Kt0
denote nominal terms and ΔVw, Δρ, and ΔKt denote per-
turbed terms for Vw, ρ, and Kt, respectively. Therefore,
Equation (15) can be rewritten as follows [34]:

1 − x0 þ Δxð Þ ¼ 0 ð16Þ

where

x0 ¼
1

2Kt0i
ρ0AV 3

w0 0:0036
r

Vw0

� �3

ω2 þ 0:0004

!
r

Vw0

� �2

ω

" #

ð17Þ

and

Δx ¼ 1 −
1

2Kti
ρAV 3

w

"

0:0036
r

Vw

� �3

ω2 þ 0:0004
�

�
r

Vw

� �2

ω

#

− x0

ð18Þ

As can be seen in Equations (17) and (18) respectively, x0 is
determined by the nominal value of the parameters in the
wind‐turbine system and Δx is the function of the uncertain
parameters, Vw, ρ, and Kt. A novel MPPT control scheme to
compensate the uncertainty Δx using neural network is then
proposed, as shown in Figure 4, by transferring the MPPT
problem into a unit‐step‐command regulation problem. The
PWM duty cycle of a dc/dc boost converter is determined by a
PI controller. Because the wind speed has a very close rela-
tionship with the rotation speed by TSR in Equation (3), the
overall perturbed term including the wind speed, air density,
and equivalent torque constant can be estimated by the neural
network with only the generator output current and rotation
speed as the inputs on the input layer. So, the wind speed
sensor is not necessary and the control structure can be
simplified. The weightings in the neural network are adjusted
by the tracking error eðtÞ, which is defined as

e¼ 1 − x0 þ Δbxð Þ ð19Þ

where Δbx is an estimate of the uncertainty Δx and is the output
of the neural network. The purpose of the proposed controller
is to make the tracking error eðtÞ approach zero, which is

F I GURE 4 The proposed maximum‐power‐
point tracking (MPPT) control structure
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equivalent to achieving MPPT control of the wind‐turbine
generation system.

3.2 | The structure of the proposed recurrent
neural network

As compared to FFNNs, RNN, which is composed of feed-
forward neural and feedback loops, can acquire more system
information [35–38]. As shown in Figure 5, a RNN, which
includes an input layer, a hidden layer, and an output layer, is
adopted to compensate the uncertainties in the wind‐turbine
generation system and described as follows:

3.2.1 | Input layer

There are two input nodes in the input layer for the input
variables iðtÞ and ωðtÞ. The outputs of the ith node in the
input layer are defined as

OiðNÞ ¼
1

1þ e−xiðNÞ
; i¼ 1; 2 ð20Þ

where x1 ¼ i and x2 ¼ ω, respectively. N denotes the iteration
number.

3.2.2 | Hidden layer

For simplicity of implementation, there are three nodes
(j = 1,2,3) in the hidden layer. The outputs of the jth node in
the hidden layer are defined as

OjðNÞ ¼
1

1þ e−netjðNÞ
; j ¼ 1; 2; 3 ð21Þ

where

netjðNÞ ¼Wj �OjðN − 1Þ þ
X

i

Wji �OiðNÞ
� �

ð22Þ

The updating of the weights, Wj , Wji, and Wkj , respec-
tively, in the neural network are defined as follows:

First,

WjðN þ 1Þ ¼WjðNÞ þ ΔWjðNÞ ð23Þ

where

ΔWjðNÞ ¼ ηjδkWkj � PjðNÞ ð24Þ

where δk is called the propagation error and given as

δk ¼ e ð25Þ

and

PjðNÞ ¼ f 0j netjðNÞ
� �

OjðN − 1Þ þWjðNÞPjðN − 1Þ
� �

ð26Þ

In Equation (26), we have

f 0j netjðNÞ
� �

¼
∂OjðNÞ
∂netjðNÞ

¼
e−netjðNÞ

1þ e−netjðNÞ
� �2 ð27Þ

Second,

WjiðN þ 1Þ ¼WjiðNÞ þ ΔWjiðNÞ ð28Þ

where

ΔWjiðNÞ ¼ ηjiδkWkj �QjiðNÞ ð29Þ

In (29), we have

QjiðNÞ ¼ f 0j netjðNÞÞ
h
OiðNÞ þWjðNÞQjiðN − 1Þ

i�
ð30Þ

and

WkjðN þ 1Þ ¼WkjðNÞ þ ΔWkjðNÞ ð31Þ

where

ΔWkjðNÞ ¼ ηkjδkOjðNÞ ð32Þ

In Equations (24), (29) and (32), ηj , ηji, and ηkj , respec-
tively, are the learning rates.

F I GURE 5 The structure of recurrent neural network (RNN) with two
inputs i and ω
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3.2.3 | Output layer

There is only one output node in the output layer (k = 1 only)
for the estimation of the uncertainty Δbx. The output node in
the output layer is defined as

OkðNÞ ¼
X

j

Wkj �OjðNÞ
� �

ð33Þ

and

Ok ¼ netk ð34Þ

4 | PI CONTROLLER DESIGNED BY
GENETIC ALGORITHM AND
SIMULATION VERIFICATION

For illustrating the effectiveness of the proposed MPPT con-
trol scheme, the simulation model of the wind‐turbine gener-
ation system with the boost converter switching frequency of

10 kHz and neural network updating rate of 100 Hz using
MATLAB/Simulink is shown in Figure 6. The PI controller is
to be designed to make the tracking error of the unit‐step‐
command regulator be zero with the performance index
defined as follows:

J ¼ ∫ t0
0 e2dt ð35Þ

which is a complicatedly non‐linear function of the controller
parameters, kp and ki. The analytic solution for determining
the controller parameters, kp and ki, is very difficult to obtain
by minimisation of the performance index function. This
problem can be solved by using GA algorithm with the help of
the MATLAB simulation tool.

Initially, the simulation model in Figure 6 is linked and run
by a ‘sim’ MATLAB function file, which contains the pro-
gramme code of our GA algorithm to find the parameters of
PI controller by minimising the performance index in Equa-
tion (35), and the integration time interval t0 is set to be 0.01 s.

F I GURE 6 The SIMULINK simulation model of the proposed MPPT control for the 3‐kW vertical‐axis wind‐turbine (VAWT) system
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To find the optimal value of the performance index function
using GA, we set the maximum number of generations to be
200, mutation rate equal to 0.15, crossover rate equal to 0.7,
and similarity limit equal to 10−8 in the main programme and
confine the search domain of the parameters kp and ki within a
squared area of 10−4 5½ � � 10−4 5½ �. This function file is
called by the main programme of the GA algorithm via a
‘degademo’ function, which can maximise an objective func-
tion with a differential evolutionary (DE) GA algorithm, and is
linked to the simulation model to get the performance index
data.

Figure 7 is the convergence behaviour of the performance
index curve with respect to the generations. As can be seen, it
is convergent to the steady value of 0.8104 on the 44th

generation. Executing the MATLAB main programme also
reports the values of the designed PI controller parameters,
which are:

kp ¼ 0:2642 ð36Þ

and

ki ¼ 0:076 ð37Þ

The above of PI controller parameters are then passed over
and used in the simulation model in Figure 6 for the overall
simulation verification of the proposed MPPT controller per-
formance. Figure 8 is the convergence behaviour of perfor-
mance index curve with respect to time by using the designed

F I GURE 7 The performance index curve with respect to generations

F I GURE 8 The performance index curve with respect to time

F I GURE 9 Simulation results in the case of wind speed 11 m/s:
(a) performance coefficient and wind‐turbine power and (b) convergence of
the neural‐network maximum‐power‐point tracking (MPPT) control
performance
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controller parameters in Equations (36) and (37). The steady
value is 0.8104, which is the same as the convergent value at the
44th generation of the GA optimisation process in Figure 7.

Figure 9 shows the simulation results in the case of wind
speed 11 m/s. The power performance coefficient is nearly
convergent to the optimal value of 0.28 and wind‐turbine
power is about 2400 W. As also can be seen, the tracking er-
ror of the MPPT control with the neural network compensator
is approaching zero very quickly at about 0.02 s.

Figure 10 shows the simulation results for the wind speed
sudden changes from 8 m/s to 12 m/s and down to 8 m/s. As
can be seen from Figure 10a, the wind‐turbine performance
coefficient is nearly at its maximum value of 0.28 for the wind
speed sudden changes. As also can be seen in Figure 10b, the
tracking error is approaching zero despite the variations of
the wind speed. This is equivalent to achieving MPPT for the
wind‐turbine generation system. The mechanical power versus
wind‐turbine rotation speed trajectory for the wind speed
sudden changes is also illustrated in Figure 10c. In thecase of
persistent perturbation of the wind speed and the air density

F I GURE 1 0 Simulation results in the case of wind speed sudden
change from 8 m/s to 12 m/s and down to 8 m/s: (a) performance
coefficient and wind‐turbine power, (b) convergence of the neural‐network
maximum‐power‐point tracking (MPPT) control performance, and (c) the
power versus wind‐turbine rotation speed trajectory

F I GURE 1 1 Simulation results for the wind speed sinusoidal
variation: (a) performance coefficient and wind‐turbine power and
(b) convergence of the neural‐network maximum‐power‐point tracking
(MPPT) control performance
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with Vw ¼ 11þ sin 10t and ρ¼ 1:25þ sinð0:01tÞ, respec-
tively, the simulation result is shown in Figure 11, which in-
dicates that the performance coefficient is near its maximum
value of 0.28.

5 | DSP IMPLEMENTATION AND
EXPERIMENTAL VERIFICATION

Figure 12 shows the implementation of the proposed MPPT
control structure based on a TI TMS320F28335 DSP chip.
This structure consists of an ac/dc rectifier, a boost dc/dc
converter, an eZdsp control board, and the detection circuit
for the wind‐turbine rotation speed and output current,
respectively, as the inputs for the MPPT control. The detection
for the wind‐turbine rotation speed is carried out by using a
zero‐crossover comparison technique to transfer the output
line voltage into a square wave, as shown in Figure 13. Thus

the rotation speed can be obtained by counting the square
wave during a time interval in the DSP chip. The detection of
the wind‐turbine output current is by using a LEM LA‐55P
current sensor. The output current is then converted into a
voltage value, which is then read by the DSP chip through a
12‐bit built‐in A/D converter. The signals of the MPPT con-
trol can be viewed on the oscilloscope by a 12‐bit SPI‐DAC
converter interfaced to the DSP control board with output
voltage scaled in the range from 0 to 5 V.

Figure 14 shows the convergence behaviour of the signals in
the neural network compensator for different cases using
different initial values of the PWM duty cycle of the boost
converter. In the first case, the duty cycle is set to be 0.1 and the
control process is open loop initially. After about one second,
the control process is then switched from the open loop to
closed loop. As can be seen from Figure 14a, the duty cycle is
convergent to the steady value of 0.56, x0 is rising from zero to
0.8, Δx is suddenly jumped to 0.5 and is then decaying from 0.5
to 0.2, and the tracking error signal e is suddenly jumped to 0.3
and is then decaying from 0.3 to zero.

In the second case, the duty cycle is set to be 0.9 and the
control process is also open loop initially. After about one
second, it is then switched from the open loop to closed loop.

F I GURE 1 2 The DSP‐based maximum‐power‐point tracking
(MPPT) control architecture of the vertical‐axis wind‐turbine (VAWT)
generator system

F I GURE 1 3 The wind‐turbine speed detection input signal vbc and
output signal ω

F I GURE 1 4 The neural network control convergence behaviour
using different initial duty cycles: (a) initial duty cycle is 0.1 and (b) initial
duty cycle is 0.9
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As also can be seen in Figure 14b, the duty cycle is also
convergent to the steady value of 0.56, is rising from zero to
0.9, is suddenly jumped to 0.4 and is then decaying from 0.5 to
0.05, and the tracking error signal is suddenly jumped to 0.3
and is then decaying from 0.3 to zero.

By the comparison of the above two cases, it can be seen
that the neural network compensator makes the duty cycle of
the boost converter converge to the optimal value of 0.56 on
the either side of the maximum power point.

Three cases of experimental results for different wind
speeds to show the proposed control performance are illus-
trated in the following. The first case is at the wind speed of
6.45 m/s. Figure 15 shows the convergence behaviour of duty
cycle, tracking error, and the rectifier output power with the
boost converter initial duty cycle of 0.1. The wind‐turbine
rotation speed was measured as 16.9 rad/s, and the wind po-
wer can be calculated as 1702 W with the air density of 1.22
kg=m3. As can be seen, the duty cycle is convergent to the

F I GURE 1 5 The convergence behaviour of duty cycle, tracking error, and output power of the rectifier at the wind speed of 6.45 m/s

F I GURE 1 6 The convergence behaviour of duty cycle, tracking error, and output voltage and current of the rectifier at wind speed 10 m/s
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steady value of 0.6, and the rectifier output power is about
450 W. It can be also calculated that the performance efficiency
is 0.26 and the TSR value is 4.8. Each of them is near the
optimal value of and 0.28 and 4.3, respectively.

The second case is with the wind speed of 10 m/s. The
convergence behaviour of duty cycle, tracking error, and the
rectifier output voltage and current with the boost converter
initial duty cycle of 0.2 is shown in Figure 16. The wind‐turbine
rotation speed was measured as 23 rad/s, and the wind power
is calculated as 6344 W. As can be seen, the duty cycle is
convergent to the steady value of 0.58, the rectifier output
voltage is 284.9 V, the output current is 5.5 A, and hence the
output power is about 1567 W. The performance efficiency and
TSR are calculated as 0.25 and 4.2 and near the optimal values
of 0.28 and 4.3, respectively.

The third case illustrates the performance in the steady state
at thewind speed of 11m/s for the duty cycle, tracking error, and
the rectifier output voltage and current with the boost converter
initial duty cycle of 0.2. The wind‐turbine rotation speed was
measured as 25.5 rad/s, and the wind power is calculated as
8538 W. As can be seen from Figure 17, the tracking error signal
is kept at zero, the duty cycle in the steady value is 0.61, the
rectifier output voltage is 284.5V, the output current is 7.2A, and
hence the output power is about 2048.4 W. The performance
efficiency and TSR are calculated as 0.24 and 4.37 and also near
the optimal values of 0.28 and 4.3, respectively.

6 | CONCLUSION

In this study, the mechanical power versus rotation‐speed
curve of a 3‐kW VAWT generator has been constructed by
means of the measurement data in various wind speeds.

Because the slope of the output power of the wind‐turbine
system is a non‐linear function of the generator output cur-
rent, air density, wind speed, and the characteristics of the
wind‐turbine generator, the analytic solution to obtain the
maximum power is difficult due to its complexity, nonlinearity,
and uncertainties of parameters.

The innovation of this study is to obtain the maximum
power of the wind‐turbine system using a neural network
compensator by transferring the MPPT problem into a unit‐
step‐command regulation problem despite the variation of
the wind speed, ambient air density, and the load electrical
characteristics. The uncertainties in the wind‐turbine gener-
ation system are compensated by a three‐layer neural
network so that the tracking error of a PI controller is
approaching zero, which is equivalent to achieving MPPT
for the wind‐turbine generation system. It is not necessary
for the information of wind speed but needs the wind‐
turbine rotation speed and generator output current as the
inputs of the neural network, which contains only six
neurons.

The PI controller's parameters were obtained by the min-
imisation of a non‐linear performance index function, which is
the time integral of the square of the tracking error signal and
is very hard to solve. This problem has been solved by using a
GA algorithm with the help of the MATLAB simulation tool.

From the simulation analysis in MATLAB/Simulink and
experimental results using a TI TMS320F28335 DSP chip on
an eZdsp control board, the validity of the proposed MPPT
controller was verified under various wind speed conditions.
The performance efficiency and TSR in each case of the
experiment is near the optimal values of 0.28 and 4.3,
respectively. The output power achieves 2048.4 W in the steady
state at the wind speed of 11 m/s.

F I GURE 1 7 The steady state of duty cycle, tracking error, and output voltage and current of the rectifier at a wind speed of 11 m/s
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The disadvantage of the proposed method is that the
stability analysis of the control system has not yet been
studied, and hence the stability of the overall closed‐loop
system cannot be guaranteed. The stability proof of the
non‐linear wind‐turbine generator system with many uncer-
tain parameters is very important and a good topic for our
future study.
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