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Abstract: Power generation in modern and industrial wind turbines can be improved by careful choice
and analysis of operational control strategies. In this paper a new controller scheme is proposed in partial
load operation of the wind turbine where the pitch angle is kept constant at zero and the generator torque
is adjusted utilizing the fuzzy inference method. Fuzzy rules were defined with respect to the response of
the wind turbine to reference gains such that the output power tracks the ideal power curve as close as
possible without any significant increase of stress on the main shaft and drive train. A variety of
membership shape functions were considered to show the resulting effect on the extracted energy and the
drive train stress. Accordingly, through numerous simulations, it can be seen that the total harvested
energy is increased. The fuzzy controller was evaluated based on a nonlinear model of the wind turbine
using real wind speed applied to the model as a disturbance, to consider the practicality of the proposed

controller.
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1. INTRODUCTION

Wind turbines are used to harvest the kinetic energy available
in the wind as electrical energy, and are one of the most
reliable and sustainable forms of renewable energy. The
modern industrial wind turbines are equipped with longer
blades, higher towers and, to have more uniformly available
wind speed, are installed in remote locations. These issues
require the need for modern control strategies to be
considered to increase the harvested wind energy whilst
keeping the structural load at a desirable level to decrease
maintenance costs (Sloth et al., 2009).

The wind energy is transferred to the wind turbine by rotating
the wind turbine blades which are coupled to the generator
shaft. Generally, the wind turbine is highly nonlinear due to
its aerodynamic characteristics which can be represented as a
function of blade pitch angle, rotor rotational speed and wind
speed. Consequently, the aerodynamic torque and thrust are
being exerted onto the rotor and the tower, respectively. The
rotational speed of the generator is increased by utilizing a
high speed ratio drive train (Bianchi et al., 2006). It should be
noted that this paper utilises a wind turbine model with
variable speed-variable pitch that can operate over a wider
range of wind speeds.

In Figure 1, a typical ideal power curve is shown in which P,

is the ideal generated power and v,, is the wind speed applied

at the rotor plane. Indeed, this curve can be seen as the
desirable one to be tracked by the wind turbine (Bianchi et

al., 2006). Cut-In wind speed, i.e.Vy ;. represents the

lowest practical operational wind speed and Cut-Out wind
speed, i.€. Viy oy_pu > 18 the highest wind speed for wind

turbine operation and the wind turbine is shut down for wind
speeds out of this range (Esbensen et al., 2008). The
operational regions of wind turbines can be considered into
two regions. The first region so-called partial load operation,
is between the Cut-In wind speed, where wind turbine starts
to work, and the wind speed at where the wind turbine
produces its designated rated power, F, y , is called nominal

wind speed, Vj . The full load operation is the region

between the nominal wind speed and the Cut-Out wind
speed. In partial load operation, the main control goal is to
harvest as much energy as possible from the wind speed. This
region is called the power optimization region in the literature
(Habibi et al., 2016).

Py (w)4

>

Partial load

Full load

P aN

n

Vw,cut—out VW (m/s)

Fig. 1. The ideal power curve.

One of the simplest and therefore most applicable control
schemes for wind turbines at partial load operation is to
design PID controllers for a set of linearized wind turbine
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models at different operating points and scheduling between
these controllers (Esbensen et al., 2008; Hammerum, 2006;
Laks et al., 2009).

The disadvantages of this scheme is the resulting instability
that occurs at transition steps between different controllers.
The controllers are often designed based on linearized models
which also decreases the controller efficiency on nonlinear
wind turbine models (Lajouad et al., 2014).

The most commonly used controller, also known as the
reference controller in previous research, is the standard
control law that is obtained by excluding the wind speed in
the aerodynamic torque equation (Johnson et al., 2006). In
this paper the standard control law is chosen to be the
reference controller for the wind turbine operation providing
a reference for comparison of results obtained using the fuzzy
control.

The use of fuzzy logic and fuzzy inference analysis in control
continues to grow. (Badihi et al., 2014) studied the fuzzy PI
controller for gain scheduling basis to remove the fault
effects on wind turbines. In similar research, (Aissaoui et al.,
2013) tried to extract the maximum wind power by focusing
on the electrical dynamics of the generator by using fuzzy PI
control. (Lakhal et al., 2015), maximised the total power of
the linearized wind turbine model, using fuzzy control, by
feeding the wind speed and generator speed to the controller.
(Bououden et al., 2013) introduced fuzzy model predictive
control using linear matrix inequality to control the linearized
wind turbine.

(Gao et al., 2008) focussed on controlling the blade pitch
angle using a PI fuzzy controller. Similarly, (Jian-Jun et al.,
2010) considered the effect of using variable blade pitch on
the wind turbine with fuzzy logic. (Ata and Kogyigit, 2010)
predicted the power coefficient and tip speed ratio, utilizing
an adaptive neuro-fuzzy inference system. (Qi and Meng,
2012) through a linearized model of the wind turbine,
proposed a controller for the blade pitch angle using fuzzy
logic and PID control. (Bedoud et al., 2015) tuned the gains
of a PI controller based on an adaptive fuzzy scheme to
control the generator of a linear wind turbine model.
(Shamshirband et al., 2014), looked at maximizing the wind
farm profit and designed an optimization procedure based on
adaptive neuro-fuzzy inference system.

The main contribution of the current paper in comparison to
previous research is that a fuzzy inference system is used in
this paper to adjust the gains of the reference controller that is
implemented on a nonlinear model of wind turbine whose
main objective is operating closely to ideal power curve. The
fuzzy inference system uses the generator speed and its rate
to determine appropriate gains according to fuzzy laws. In
addition, the overall stress on the drive train is considered as
a control objective as well as the captured energy. On the
other hand, the wind is usually considered as a disturbance in
the proposed controller scheme, as it is not possible to be
measured accurately at the rotor plane and is known to have
non-uniform transient characteristics across the rotor. Several
fuzzy membership functions are considered to study their
effect on the resulting extracted energy and for further

analysis. The final proposed controller is tested with a real
wind speed scenario to check its applicability.

The organization of this paper is as follows. In section 2, the
wind turbine model is described in detail. The control
strategies for both reference and fuzzy controller are
considered and simulated in sections 3 and 4, respectively.
The conclusions and final analysis are presented in section 5.

2. WIND TURBINE MODEL

A nonlinear model of a 4.8MW wind turbine is considered
for evaluating the proposed controller (Esbensen et al., 2008).
The model parameters are available in the Appendix.

2.1. Aerodynamic Model

The rotor shaft speed, @, (¢) , depends on the available energy
in the wind. The air density, p , covered area by blades, 4
and power coefficient, Cp(A(?),B(¢)) are the parameters that
affect the final extracted power. Cp,depends on the blade
pitch angle, £(¢) and tip-speed ratio, A(¢) , which is the ratio
of blade speed and wind speed (Esbensen et al., 2008). The
aerodynamic torque applied on the rotor shaft is as follows.

1

T,(t) = PAVICL(A(t), f(t))  [Nm]
) , (1)

20, (t
R
A=
7

@

where T,(¢)andV,, are aerodynamic torque and wind speed,

respectively. It should be noted that R is the blade length.
The power coefficient can be seen as the blade aerodynamic
efficiency which can be expressed as a nonlinear mapping
(Habibi et al., 2017).

An empirical formula for C, is often used to decrease
computation time instead of a look up table that may not be
generally available. An empirical formula for the power
coefficient is given by (Heier, 1998),

c -G

Cp(h:B) = GEE=C=Cpe  +Cea
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In Eq. 2 the constant coefficients are C; =0.5176,C, =116,
G =04,C,=5,C5=21 andC; =0.0068. The surface of

Eq. 2 is shown in Figure 2. The maximum of C), is 0.48 and

occurs at f=0"and A =8.1 (Habibi et al., 2014).

It should be noted that it is not possible to measure the wind
speed at the rotor plane accurately because of spatial and
temporal wind speed distributions (Esbensen et al., 2008).
Therefore wind speed is considered as a disturbance on the
proposed wind turbine model.

2.2. Drive Train Model

The drive train can be modelled as a two-inertia model
including low speed rotor, J, and high speed rotor, J, . The
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speed ratio of the drive train gears is N, . On the other hand,
the torsion stiffness of the drive train, K, and torsion
damping, B, will cause an angle of twist on the shaft, 6, .

The drive train efficiency is 77, .

s o

Fig. 2. The power coefficient empirical equation surface.
The transferred torque on the generator shaft is 7, (¢) which

is rotating at the speed @, () .B,.and Bg are viscous friction

components of the rotor and generator shafts, respectively.
The drive train model equations of motion are given as
(Esbensen et al., 2008),

J,0,(0) =T, (1) = K 4,0, (1)

B, 3
—(B, +By)o, (t)+N o, (t) )
oty =2 g, )+ 5,
s s , )
— (B, + 1By (1)-T, ()
Ng
O, (1) = 0, (1) ——w, (1) - (5)

2.3. Pitch System Model

The pitch system should track a reference value, S, and

can be modelled as a first order system. It should be noted
that the 7 is a time constant and also /; is the communication
delay (Esbensen et al., 2008) which is as follows.

4() =—%ﬁ(r)+%ﬂmf (t-1,) . ©)

Eq. 6 explains the operation of the pitch actuator before it has
reached its limit. However, to consider a realistic model, the
pitch actuator is modelled including a limited slew rate and
limited operational range.

2.4. Generator and Converter Models

The extracted electrical power is produced by the generator
and by controlling the current in the generator using power
electronics, the variable speed feature is implemented.
Accordingly, a power converter is utilized before feeding the
generated electrical power into the grid and controlling the
generated frequency (Sloth et al., 2011). The generator
torque, 7, (¢) , in Eq. 7 is adjusted by the reference torque

T, ,or - The converter is modelled as a first order system as

follows.

T, (t)_—iT B+
& &

gre/ (t gd)’ (7)

wherez, and?, , are time constant and communication
delay, respectively.

It should be noted that the implemented electrical systems
and controllers in the wind turbines, in terms of dynamic
response, are much faster than the mechanical parts (Odgaard
et al., 2013). Accordingly, the generated power, P, (¢), can be

approximated by (8), as a static relation, where 7,is the

efficiency of the generator,
By (t) = n,0,()T, (1) ®)

In addition to the delayed first order system, the generator
subsystem is described by a minimum load, a maximum load,
and a slew rate for the load torque.

2.5. Modelling Assumptions

The important assumptions used in the model generation are,

(Wang et al., 2012; Hand et al., 2004):

e Empirical formula for power coefficient.

e The wind speed is considered as uncontrollable and
unmeasurable disturbance.

e Two-inertia model of the drive train.

e First order system for pitch actuator and generator model
with operational limitations for more realistic models with
time constant and communication delay.

e Ignoring the yaw mechanism and assuming that the wind
is always perpendicular to rotor plane.

e Wind speed covers the entire area of the rotor plane
uniformly.

2.6. Assembled Model

The wind turbine model is illustrated in Figure 3, in signal
low and control level. In Figure 3, the pitch system changes
the pitch angle of blades based on the reference pitch angle
which is applied to the turbine. This pitch angle as well as
wind speed and rotor rotational speed provide the
aerodynamic torque for the subsystem. This torque is applied
to the drive train where the generator torque is given. The
generator provides the requested electrical torque and
generator reference torque to the drive train and generates the
overall turbine electrical power.

Bres AT Piteh
System
ﬂ(t) Tg,ref (t)
4 To(t) T,(t)
V,(t Aerod . "1 Drive IConverter Py (It)
erodynamics ) Trai R Generatorl
@, (2w, (&

Fig. 3. Block diagram of the wind turbine model.
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The available measurements from the wind turbine model are
the generator and rotor speeds, generator torque and pitch
angle. Also, it should be noted that generated power is
calculated as per Eq. 8.

3. CONTROL STRATEGY

In the partial load operation of the wind turbine the desirable
goal is to operate as close as possible to the ideal power
curve, as shown in Figure 1. In partial load operation, the
pitch angle of the blades are being kept at zero as the optimal
value and the tip-speed ratio is held constant, i.e.

A

opiimat =8-1, in order to stay at the maximum C, point.

Indeed by changing the generator reference torque, 7, ./ (¢) ,

the generator speed and rotor speed will be modified and then
the tip speed ratio will achieve its optimal value to get

€, max (Bianchi et al., 2006).

In partial load operation, there are two general control

criteria. The first criterion is J P, (t)dt that represents the

total extracted energy. The second criteria is for the applied
stress on the drive train, found by using the total torsion angle

of twist of the drive train into account, that is I éi(t)dt

(Bianchi et al., 2006; Esbensen et al., 2008). Indeed, the
control objective in partial load operation is to increase the
total extracted energy with no significant increase in drive
train stress (Esbensen et al., 2008). These criteria will be
calculated for both the reference and proposed controller to
evaluate the effectiveness of the new controller.

3.1. Standard Control Law (Reference Controller)

In partial load operation, the generator torque is adjusted by
the electric torque controller to vary the generator speed in
such a manner that the power coefficient is kept at its
maximum value. The control law determines the appropriate
generator torque by excluding the wind speed from
aerodynamic torque, as follows (Esbensen et al., 2008),

9, (OR 5
T,@)= oD (z) (1() ) Cp (A1), B(1) =
T.(1)
T,( )=—PA(—) Cp (A1), BN} (1), T, (1) =1y
A() N,
:T(t)——pA;d’ )CPa) 2(0) - ©9)

So, based on Eq. 9, the Cpand Atip speed ratio are set to

their optimal values, ie. Cp, =048and4,, =8.1.
Accordingly, Eq. 9 can be represented as,
Ma ’ 2
T, (t) = ‘ CP,max « (t) . (10)
2N )
K

The function K[Nm/(rad/s)’] in Eq. 10 represents the constant
gain of the standard control law. Indeed, the gain of the

standard controller is computed for the optimal values of C,
and 4 .

It should be noted that according to the parameters of the
wind turbine model, Tables Al-A4,

K =1.2359[Nm/ (rad | s)*].

The wind turbine model with the standard control law is
illustrated in Figure 4. This controller is simulated to evaluate
the wind turbine behaviour in section I'V.

Vw(t)l

ﬂoptimul =0

H{>—s

Fig. 4. The constant gain controller during partial load
operation.
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In this control law, the gain K is constant and there is no
sense of wind variation in the control scheme. Indeed, it is
obvious that the available power in the wind and
consequently, the aerodynamic torque decreases when the

wind speed decreases. The generator speed, @, , is high

compared to the rotor speed which can be considered a slow
dynamic system due to the large rotor inertia. For the control

situation with decreasing wind speed and high@,, the

constant gain law given by Eq. 9, still increases the T /()

whereas the available wind power is decreasing and so the
wind turbine will consequently operate at tip speed ratios
other than the optimal value. Accordingly and on simulations
basis, it is shown that 20% reduction of controller gain, K,
will improve the extracted power for the large wind turbines
(Hand et al., 2004).

Boptimal =0 Bref(t)
Wind

Turbine w,(t

> X _’@_' Tg,ref(t)

A
Fuzzy <
Inference | 4 ¢

System dt

Fig. 5. The controller with fuzzy inference system (FIS).
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On the other hand, as noted earlier, it is not possible to
measure the wind speed variation at the rotor plane
accurately.

So, in this paper it is proposed to change the controller gain
based on the generator speed and its derivative using a fuzzy
inference system. Figure 5 illustrates the fuzzy controlling
system that is explained in the next section.

3.2. Controller with Fuzzy Inference System

Fuzzy inference system (FIS) is a nonlinear function that
generates the logical output from some qualitative variables
as inputs according to particular logical laws (Wang, 1999;
Rebai et al., 2014; Wallam and Abbasi, 2014). This paper
designs a fuzzy inference system to calculate the controller
gain according to the appropriate rules, generator speed and
its variation rate, as shown in Figure 5. In this proposed
controller, the angular speed of the generator and its
derivative are fed back to the fuzzy inference system where
the controller gain is obtained based on appropriate fuzzy
membership functions and fuzzy rules. Indeed, the angular
speed of the generator and its derivative are used to make it
possible to estimate the wind speed without the need for
measuring the wind speed accurately.

An abrupt change in controller gains leads to similar changes
in the reference torque and this can induce high stresses onto
the drive train. So, the fuzzy membership functions of
controller gain and generator speed are designed such that
they change the controller gain smoothly by utilizing the
Gaussian membership functions (Passino et al., 1998). These
membership function are defined in Eq. 10 and are illustrated
in Figures 6, 7 and 8, where u is the membership function

percentage.

—(x—c)’

fo,c)=e 200 |

an

where x ,0 and care membership functions’ range of

variable, shape parameter, respectively.
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Fig. 6. The fuzzy membership functions of w, . The red, blue

and green curves are named as low, medium and high
membership functions for @, , respectively.

It should be noted that only the sign of the generator speed
derivative, é)g , is of interest to consider the generator speed

variation. Therefore, the d)g membership functions are

designed to be small to represent only the sign by selecting
small O in the Gaussian membership function (Passino et

al., 1998), as shown in Figure 7. The inputs of FIS are @,

and its derivative and the output of FIS is the controller gain.
The initial values are as given in Table 1.
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Fig. 7. The fuzzy membership functions of “¢ . The red, blue
and green curves are named as negative, zero and positive

membership functions for Ve , respectively.
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Fig. 8. The fuzzy membership functions of controller gain.
The red, blue and green curves are named as low, medium
and high membership functions for controller gain,
respectively.

The fuzzy rules are defined with respect to the idea of
adjusting the controller gains based on wind speed variation.
This idea is obtained from the wind turbine behaviour as a
high inertia mechanism. This behaviour can be summarized
as: whenever the wind speed has an increasing high value, the

@, will be high and d)g will be positive and vice versa. On
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the other hand the sign of Cbg and value of @, represent the
variation and value of wind speed, respectively. So @, and

Cbg can be used to determine the behaviour of wind speed.

Table 1. Initial values for fuzzy membership functions.

Initial Membership Parameters
Functions of Generator
Angular Velocity @, (¢) c c
Low 30 0
Medium 30 100
High 30 200
Initial Membership Parameters
Functions of Controller
Gain K o ¢
Low 0.08 0.9887
Medium 0.08 1.1123
High 0.08 1.2356
Initial Membership Parameters
Functions of Generator
Angular Acceleration
. o c
W, (1)
Negative 20 -60
Zero 1 0
Positive 20 60

The controller gain can be tuned based on wind speed and its
variation, as discussed earlier. In this paper it is proposed to

use @, and Cbg instead of wind speed, because, irrespective
of the wind speed, these two signals are measurable in wind
turbines. Therefore whenever @, is high and d)g is positive,

i.e. wind speed is an increasing high value, there is high
power content and the wind turbine should extract as much
power as possible. This can be done by increasing the

controller gain that leads to increasing 7;,,,4(1). On this

basis, the fuzzy rules are defined and shown in Table 2.

Table 2. Fuzzy rules.

Generator Angular Velocity @y
Low Medium High
Neeative Low Low Medium
Generator g Gain Gain Gain
A Anlgulz:? Zero Low Medium High
cee .era ton Gain Gain Gain
a,
g Positive | Medium High High
v Gain Gain Gain

The Mamdani inference engine is one of the most appropriate
engines for control processes (Passino et al., 1998). Therefore
this inference engine is used to complete the fuzzy inference
system, shown as a curve in Figure 9.

Fig. 9. The fuzzy inference system curve.

In Figure 9, all membership functions, Figure 6, 7 and 8, are
combined according to fuzzy rules which are defined in Table
2. This curve shows the nonlinear mapping from @, and Ci)g

to K. This mapping calculates the appropriate controller
gain for the proposed fuzzy controller.

4. SIMULATION RESULTS

The wind speed for designing the fuzzy controller is shown in
Figure 10 (Bianchi et al., 2006), and accordingly, the
simulation results are investigated in Matlab/Simulink for
both reference controller and fuzzy controller.

13 T T T T T

Wind Speed (m/s)

3 -

2 1 Il Il 1 1
0 200 400 600 800 1000 1200 1400 1600 1800
Time (s)

Fig. 10. Wind speed signal.
4.1. Reference Controller Results

The tip speed ratio and power coefficient are shown in
Figures 11 and 12, respectively. It is obvious that the
constant controller gain, after the transient response, is trying
to keep the tip speed ratio and power coefficient at their
optimal values.
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1000 1200 1400 1600 1800

D L i 1 L
0 200 400 600 800
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Fig. 11. Comparison of tip speed ratio of reference controller
(red line) with optimal value (blue line).

It is obvious from Figure 10 that whenever the wind speed
changes abruptly, the tip speed ratio and power coefficient,
Figures 11 and 12, deviates from optimal values. The
generated power of the wind turbine with the reference
controller is shown in Figure 13.

T T T T T T

05}

VW W W - v

0.4
0.3}
0.2}
0.1

0 L 1 L L L 1 1 L L
0 200 400 600 800 1000 1200 1400 1600 1800

Time (s)
Fig. 12. Comparison of power coefficient of reference
controller (red line) with optimal value (blue line).

6
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1000 1200 1400 1600 1800

0 200 400 600 800
Time (s)

Fig. 13. Comparison of power of reference controller (red
line) with optimal value (blue line).

The ideal power tracking ability, as the main controller
objective, is obvious in Figure 13. The two control criteria
that have been described previously, are used to quantify
controller tasks and compared with the fuzzy controller
response to evaluate the effectiveness of proposed controller.
The values of the two control criteria for reference, are given
in Table 3.

Table 3. Values of two control criteria for reference

controller.
I P, (t)dt j 02 ()dt
rad*
2316x10°J | 9.906x107° ——
S

4.2. Fuzzy Inference System Controller Results

Firstly, the procedure for designing the proposed fuzzy
controller and membership functions are considered and then
after comparison between various memberships shape
functions, the ones that produce the most energy are selected.
It should be noted that changing the controller gain abruptly
makes the drive train to increase or decrease velocity very
fast and consequently, the stress on the drive train will be
increased. Therefore, to change the controller gains smoothly
the Gaussian membership functions are chosen.

The Gaussian membership functions, Eq. 10, depend on x,
o and cthat are range of variable, shape parameter and
centre of membership functions, respectively. A range of
values were considered as fuzzy inputs and outputs and in
order to reduce the simulation time, three membership
functions for each variable were selected so that their centres
were located at the beginning, the middle and at the end of
their range. Accordingly, the shape and operation of the fuzzy
controller depends on the o of each membership function.

Some initial values of ¢ for each membership function were
selected as given in Table 1, and then the extracted energy
and corresponding stress on the drive train were calculated as
shown in Table 4.

Table 4. Values of two control criteria for the fuzzy
controller with initial values for membership functions.

ng (t)dt Ie’j (t)dt

2
9.864x107° 749"
N

2.328x10°J

Even with the initial membership function, comparison of the
results in Tables 2 and 3 shows that the extracted energy was
increased by 0.52 % while the drive train stress was
decreased. Indeed, the captured power using the fuzzy
controller is closer to the ideal power curve compared to the
reference controller. High drive train stress results in
unpredictable maintenance procedures and increases the
shutdown period of the wind turbine and consequently,
increases the operational and lifetime costs. The proposed
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fuzzy controller has increased the total extracted energy with
no considerable increase in drive train stress. Therefore the
overall energy cost can be decreased.

The tip speed ratio, power coefficient and generated power
when using the fuzzy controller with initial values are shown
in Figures 14, 15 and 16.

0 200 400 600 800 10b0 1200 1400 1600 1800
Time (s)

Fig. 14. Comparison of tip speed ratio of fuzzy controller
with initial values (red line) with optimal value (blue line).

05+ 1

04F

02+

0.1+

0 s I L L 1 L L 1
o 200 400 600 800 1000 1200 1400 1600 1800

Time (s)
Fig. 15. Comparison of power coefficient of fuzzy controller
with initial values (red line) with optimal value (blue line).

6
6 x10

1000 1200 1400 1600 1800

0 200 400 600 800
Time (s)

Fig. 16. Comparison of power of fuzzy controller (red line)
with optimal value (blue line).

By changing the values of o for each membership function,
the effect of membership functions on the extracted energy

and control criteria can be studied and the membership
functions that generate the most energy can be chosen.

Firstly, the membership functions of @, are considered. It

should be noted that the centre of membership functions of
w, are fixed on 0, 100 and 200 for Low, Medium and High

membership functions, respectively. It should be noted that
because of the nonlinear wind turbine model and the structure
of the fuzzy inference system, it was not possible to find the
best o of membership functions automatically via
simulation, because in each step the designed fuzzy controller
should be updated and implemented in the wind turbine
model. Thus a step by step trial and error procedure was used
to find the best fuzzy controller.

In the first step, the o of three membership functions of @,

were changed in the same manner. The results are
summarized in Table 5. Additionally, membership functions

of K and a')g (¢) are the same as Table 1. In Table 5,0,
oy and oy stand foro of Low, Medium and High

membership functions of @, , respectively.

It is obvious that when o is 26.875, the most energy is
extracted. It should be noted that the o of membership
functions of K and g throughout Tables 5-7, are fixed at

their initial values.
Table S. Fuzzy controller criteria values, o of v,

membership functions are changed.

or Oy oy Energy Stress

10 10 10 2.324¢9 9.745¢-9

20 20 20 2.327¢9 9.848¢-9
2.328e9

225 225 225 (2327692836.4794) 9-861¢-9
2.328¢9

% % 2 (2327911944.8145) 9-867¢-9
2.328¢9

25.625 | 25.625 | 25.625 (2327936089.9828) 9.868¢-9
2.328¢9

26.25 26.25 26.25 (2327949150.3805) 9.868¢-9
2.328e9

26.875 | 26.875 | 26.875 (232796089.9828) 9.868e-9
2.328e9

273 273 273 (2327944464.4127) 9-868¢-9
2.328e9

28.75 28.75 28.75 (2327903022.4433) 9.866e-9

35 35 35 2.327¢9 9.848e-9

40 40 40 2.327¢9 9.839¢-9

50 50 50 2.326e9 9.854¢-9

60 60 60 2.326€9 9.883e-9

Now, because it is necessary to increase controller gain at
high @, as much as to decrease controller gain at low @, ,

the membership functions of @, _Low and @, _High were

selected to be the same as each other while @, _ Medium can

be different. So, at this step o; and o are changed and
o, was fixed at 26.875 to check if it was possible to

increase the extracted energy compared to the previous step.
The results are summarized in Table 6.
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When o, and o, are 70, it can be seen that the most energy
is extracted. Now by holding o, and &, constant at 70, the

o,, was again changed as shown in Table 7.

Table 6. Fuzzy controller criteria values, o, and o of @,

membership functions are changed, o), is fixed at 26.875.

o oy oy Energy Stress
10 26.875 10 2.324¢9 1.021e-8
30 26.875 30 2.328¢9 0.989¢-8
40 26.875 40 2.329¢9 1.010e-8
50 26.875 50 2.329¢9 1.022¢-8
2.330e9
60 26.875 60 (2330313904.1584) 1.032e-8
2.330e9
65 26.875 65 (2330498207 3282) 1.038e-8
2.330e9
67.5 26.875 67.5 (2330563528.4386) 1.037e-8
2.330e9
68.75 26.875 68.75 (2330583510.9175) 1.037e-8
2.330e9
70 26.875 70 (2330395389.6470) 1.038e-8
2.330ee
71.25 26.875 71.25 (2330395120.3822) 1.037e-8
2.330e9
72.5 26.875 72.5 (2330385339.7532) 1.389¢-8
2.330e9
75 26.875 75 (2330539459.351) 1.039¢-8
2.330e9
80 26.875 80 (2330356100.9071) 1.039¢-8

Table 7. Fuzzy controller criteria values, o; and oy of @,

membership functions are fixed at 70, o, is changed.

oy Oy oy Energy Stress

70 1 70 (233363535%862994) 1.069¢-8
70 1.25 70 (23336-3634%’;’_90 o1z | 1:066c8
70 1.875 70 (23336313;52027) 1.065¢-8
70 25 70 (23356-]3333%;(9)81 o | 1:064c-8
70 3.75 70 (233;;33313?2 1y | 1:065¢-8
70 5 70 (23355373()213.2552) 1.064¢-8
70 75 70 (23335?335%;?301) 1.069¢-8
70 10 70 (23334;36?:3%:2962) 1.074¢-8
70 20 70 2.331¢9 1.068¢-8
70 40 70 2.327¢9 1.003¢-8

It can be concluded that when o, is 1.25 and o, and o, are
70 most energy is extracted.

Now by holding these values for membership functions of
@, (t) the extracted energy can be further improved by

changing the membership functions of K. Additionally,
membership functions of @, (t) were fixed at initial values

as given in Table 1. It should be noted that the centre of
membership functions of K were fixed at 0.9887, 1.1123
and 1.2356 for Low, Medium and High membership
functions of K, respectively. Using the same procedure as for

@, , the

changed in the same manner. The results are shown in Table

o for these three membership functions were

8 whereo; , o3, and 0y stand for o of Low, Medium and
High membership functions of K , respectively.

It should be noted that the © of membership functions of

w,(t)and @, , throughout Tables 8-10, are fixed at the

highlighted ones in Table 7 and at their initial values,
respectively.

Table 8. Fuzzy controller criteria values, o of K
membership functions are changed.

or 7 oy Energy Stress
2.337¢9
0.0015 | 0.0015 | 0.0015 (2337408691 3984) 1.116e-8
2.337¢9
0.002 0.002 0.002 (2337791496.6786) 1.115¢-8
2.337¢9
0.0025 | 0.0025 | 0.0025 (2337470995.2073) 1.112¢-8
2.337¢9
0.004 0.004 0.004 (2337323138.6927) 1.110e-8
2.337¢9
0.005 0.005 0.005 (2337104898.222) 1.108e-8
0.0075 | 0.0075 | 0.0075 2.336¢9 1.112¢8
0.01 0.01 0.01 2.336€9 1.102e-8
0.015 0.015 0.015 2.336¢9 1.098e-8
0.02 0.02 0.02 2.335¢9 1.094e-8
0.04 0.04 0.04 2.334¢9 1.083e-8
0.05 0.05 0.05 2.334e9 1.077e-8
0.07 0.07 0.07 2.333¢9 1.070e-8
0.1 0.1 0.1 2.331¢9 1.051e-8
0.12 0.12 0.12 2.329¢9 1.032¢-8

Wheno;, o0, and op are 0.002, the most energy is
extracted. Now by holding 0, constant at 0.002, the o, and
o, were further changed as shown in Table 9 to increase the
extracted energy.

Table 9. Fuzzy controller criteria values, o; and oy 0f K

membership functions are changed, o, is fixed at 0.002.

or oy oy Energy Stress

2.338¢9

0.00025 | 0.002 | 0.00025 (2338970041.5241) 1.134e-8
2.338¢9

0.0005 0.002 0.0005 (2.338969950.1375) 1.134¢-8

0.001 0.002 0.001 2.337¢9 1.113e-8

0.0015 0.002 0.0015 2.337¢9 1.117¢-8

0.003 0.002 0.003 2.337¢9 1.118e-8

0.004 0.002 0.004 2.337¢9 1.114e-8

0.005 0.002 0.005 2.337¢9 1.113e-8

When o7 and o are 0.00025 and o, is 0.002, the most
energy is extracted. Consequently, keeping the value 0.00025
for 0; and o, , the o, was further changed as shown in
Table 10. It can be seen that when o,, is 0.0005 and o, and
o, are 0.00025, the most energy was extracted. Now by

holding these values for membership functions of K the
extracted energy will be further improved by changing the

membership functions of d)g (¢) . Tt should be noted that the
centre of membership functions of d)g (t) are fixed on -60, 0

and 60 for Negative, Zero and Positive membership functions
of @, (¢) , respectively.
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Table 10. Fuzzy controller criteria values, o, and o, 0f K
membership functions are fixed at 0.00025, o, is

changed.
oy oy oy Energy Stress
0.00025 | 0.0005 | 0.00025 (23336.:8,’7392:9188 y | 1144c-8
0.00025 | 0.001 | 0.00025 (23392;‘3965223 o | 1:139-8
0.00025 | 0.0015 | 0.00025 (233921-353896162889) 1.137¢-8
0.00025 | 0.004 | 0.00025 2.338¢9 1.123¢.8

Firstly, o of Negative and Positive membership functions
were changed in the same manner and o© of Zero
membership function was held at its initial value. The results

are summarized in Table 11, where oy, 0, and Op stand

for o of Negative, Zero and Positive membership functions
of @, (¢) , respectively.

It should be noted that the o of membership functions of
o, (t) and K, throughout Tables 11 and 12, are fixed at the

highlighted ones in Tables 7 and 10, respectively.

When oyandopare 5 and o, is I, the most energy was
extracted. Consequently, keeping the value of 5 for oy and
op, the o, was further changed as shown in Table 12, to
improve the extracted energy. Evidently, whenoy, o, and

opare 5, 10 and 5, respectively, the most energy was

extracted. Finally, all membership functions that generate the
most energy and the corresponding extracted energy and the
estimated stress are summarized in Table 13 and 14,
respectively.

Table 11. Fuzzy controller criteria values,oy and opof
d)g membership functions are changed, o, is fixed at

initial value.

oy oy op Energy Stress
2 1 2 (233925;2631?)22744) 1.147e-8
5 1 5 (23352;263 1222744) 1.147e-8
l ! l (23335%3631222744) 1.147e-8
10 1 10 (23332;3312?2149) 1.147¢-8
15 ! 15 (23352;293396?2174) 1.147¢-8
40 1 40 2.335e9 1.099e-8

Table 12. Fuzzy controller criteria values, oy and opof

d)g membership functions are fixed at S, o, is changed.

oy oy op Energy Stress
5 0.5 5 2.336e9 1.149¢-8
3 3 3 (233343;‘;2?2462) 1.151e-8
3 3 3 (2333‘;3;45(;32857) 1.151e-8
5 10 5 (23339.3;‘525298 y | 11518
5 15 5 (23359.‘,?;45252981) 1.151e-8

Table 13. Best values for fuzzy membership functions.

Best Membership Functions Parameters
of Generator Angular
Velocity @, ®) o c
Low 70 0
Medium 1.25 100
High 70 200
Best Membership Functions Parameters
of Controller Gain K o c
Low 0.00025 0.9887
Medium 0.0005 1.1123
High 0.00025 1.2356
Best Membership Functions Parameters
of Generator Angular
Acceleration d)g () o c
Negative 5 -60
Zero 10 0
Positive 5 60

It is obvious that the extracted energy is increased by 1.03 %
with proposed fuzzy controller whilst there was a 16 %
increase in total stress.

Now to consider the applicability of the proposed controller,
a real measured wind speed (Odgaard and Stoustrup, 2015),
shown in Figure 17, is used as a disturbance on the nonlinear
model of the wind turbine. The results are summarized in
Table 15.

Table 14. Comparison of two control criteria values for
all controllers.

J' P, (t)dt J' 6 (H)dt
Reference rad>
(Constant Gain) | 2316x10°J | 9.906x10~ ——
Controller K
Fuzzy Controller X
with initial values 9 g rad
for membership 2328><10 J 9864)(10 T
functions
Fuzzy Controller 5
with best values for 9 _g rad
membership 2.340x10°J | 1.151x10 E
functions
13 ‘ ‘
12F §
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£ ]
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Fig. 17. Real Wind speed sigSnal, (Odgaard and Stoustrup,
2015).
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Table 15. Comparison of two control criteria values for
all controllers with real wind speed.

[P0

I 0 (1)dt
Reference

2
(Constant Gain) 1.93x10°J 5.919x107° rad
Controller S
Fuzzy Controller
with initial values
for membership
functions
Fuzzy Controller
with best values for
membership
functions

rad*

N

1.944x10°J | 8.082x107°

2
1.952x10°7 | 6271x10° "%

N

It is obvious that with the proposed fuzzy controller, for the
real wind speed, the extracted energy is increased about 1.13
% with a consequential 6 % increase in total drive train
stress. These results show the effectiveness of using the
nonlinear fuzzy logic controller to model the extracted energy
and drive train stress in partial load operation. Tuning of the
controller shows the important ability to maximize extracted
energy while modelling the resulting changes of drive train
stress.

5. CONCLUSION

This paper presents an analysis of the potential improvement
of the partial load operation of a 4.8 MW wind turbine using
a fuzzy inference system to track the ideal power curve as
close as possible. With the use of the standard reference
controller, the extracted power was obtained to study the
behaviour of the wind turbine. In partial load operation, the
fuzzy control strategy aims to stay at the maximum power
coefficient. The maximum power coefficient occurs at a
given pitch angle and tip speed ratio. Thus, by defining fuzzy
rules with control of generator speed, the modified controller
gain was obtained. The total harvested energy of wind
turbine, was shown to be increased by 1.13% using proposed
controller. This value for an industrial wind turbine is a
desirable improvement. It should be noted that the total
energy was increased with a 6 % increase to the drive train
stress. This improvement in extracted energy can reduce the
cost of generated power provided it does not significantly
affect the system reliability.

Additionally, the fuzzy inference controller was implemented
on the nonlinear model and the wind turbine model was not
linearized. The proposed fuzzy controller should be practical
for real wind turbines where all available fuzzy membership
functions can be implemented to provide the choice of
controller to harvest more energy from the wind speed. The
applicability and generality of the proposed controller was
tested with a real wind speed signal that was modelled as a
disturbance input.
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APPENDIX

Tables A1-A4 show the value of parameters used in wind
turbine modelling (Habibi et al., 2016).

Table Al. Aerodynamic.
Parameter | Swept Area (A ) Bla(iellg e)ngth Air Density ( 0 )
Value 10387 [ m* ] s7.5[m] | 1205 kg/m’

Table A2. Generator Model

Parameter Value
Time Constant of The First Order System ( 7, o ) 20[ms ]
Communication Delay of The Converter (£ ed) 10[ms ]
Minimum Generator Torque Variation Rate (
Tg,min) SO[MNm /s ]
Maximum Generator Torque Variation Rate (
Tg,max) 50[MNm /s ]
Minimum Possible Generator Torque (7’ ¢, min ) 0[Nm ]
Maximum Possible Generator Torque (7' g,max ) 35000 [ Nm ]
Minimum Generator Power (Pg min ) oW 1
Maximum Generator Power (Pg,max ) 53[MW ]
Table A3. Pitch Actuator
Parameter Value
Time Constant of The First Order System ( 7') 50[ms ]
Communication Delay of The Pitch Actuator () 10[ms ]
Minimum Pitch Angle Variation Rate ( ﬂmln) -10[7s ]
Maximum Pitch Angle Variation Rate ( ﬂmax ) 10[7s]
Minimum Pitch Angle ( ,Bmm ) -10[7]
Maximum Pitch Angle ( ﬂmax) 401[°]
Table A4. Drive Train Model
Parameter Value

Torsion Damp Coefficient ( Bdt ) 9.45[ MNm / (rad /s )1

Friction of the Generator Shaft ( Bg ) 3.034 [ Nm /(rad /s) 1

Friction of the Rotor Shaft (B, ) 27.8 [ KNm /(rad /s) ]

Inertia of the Generator Shaft (Jg ) 390 [ kgm 2 ]
Inertia of the Rotor Shaft (J, ) 55[ Mkgm 2 ]
Torsion Stiffness (K 4, ) 2.7[GNm / rad |
Gear Ratio (N g ) 95
Efficiency (77, ) 0.97




