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e A gain-scheduling fractional-order PID pitch controller is proposed

e The controller is designed to mitigate the mechanical loads

e A database controller parameters are evaluated via chaotic differen.ial e\ ~lution
e The proposed controller method has shown to have superior per.~rr.ance

e The results are validated via FAST simulator



*Blinded Manuscript - without Author Details
Click here to view linked References

N -

© 00 N O Ol b W

10
11
12
13
14
15
16
17

18
19

20
21
22
23
24
25
26

27
28
29
30
31

32
33
34
35
36
37
38
39
40
41

Load Mitigation of a Class of 5-MW Wind Turbine with RBF Neural
Network based Fractional-Order PID Controller

Abstract- In variable-pitch wind turbines, pitch angle control is impleme *ad to regulate
the rotor speed and power production. However, mechanical loads of tne win.' turbines
are affected by the pitch angle adjustment. To improve the performar.ce i nd at the same
time alleviate the mechanical loads, a gain-scheduling fractional-oru. - PID (FOPID),
where a trained RBF neural network chooses its parameters is prnpo..d. The database,
which the RBF neural network is trained based on, is creatrd v . ~ntimization of a
FOPID in several wind speeds with chaotic differential evolutior, CDE) algorithm. The
simulation results are compared to an RBF based PID cont’ oller that is designed via the
same method, a conventional gain-scheduling baseline ™ cor.roller developed by
NREL, an optimal RBF based Pl controller, and a FUPI ~~ntroller. The simulations
indicate that the RBF based FOPID improves the contre: perfc. mance of the benchmark
wind turbine in comparison to the other controllers, ‘hile the applied loads to the
structure are mitigated. To validate the performarn..~ and obustness, all controllers are
implemented on FAST wind turbine simulator. Tr.. superiority of the proposed FOPID
controller is depicted in comparison to the oth¢ cunuuiters.

Keywords: Gain-scheduling fractional-orde. r1,, *Vind turbine pitch control, Chaotic
differential evolution, RBF neural networ' FA T

1 Introduction

In past decades, more attention has been p..d to developing and economizing renewable
sources of energy. Among ther., *ind energy has received noticeable attention.
Installed wind energy conversio: systen 5 (WECSSs) have increased by 40% in the 2000s
[1]. Until now, many countr’zs have nstalled WECSs, and the capacity of installed
WECSs is going to pass 7.1 (,Ws by 2020 [2]. It should be noted that developing
control algorithms has pla' ed an <. sential role in this rise [3].

It is conventional to us~ more wnan one strategy to operate a wind turbine in different
wind speeds, which ic bas :d on rated-speed. While in speeds below rated-speed the goal
is to keep the capt.ired ~wer as high as possible via torque control, in above rated-
speed the point s t, rejulate the rotor speed via pitch angle and torque control,
simultaneously 1].

Research is aL'indan in the performance of controllers of each kind in wind turbine
pitch angl. and torque adjustment. For instance, in [5], by combining a radial basis
function (RBF) ' eural network and PI controller, a gain-scheduling Pl controller is
develo~~d Trierefore, by measuring the wind speed, the RBF neural network selects
suitable .ns for the PI controller. The proposed method has shown better performance
in regulatir.y rotor speed and power in a stochastic wind condition over a constant-gain
P1 controller. In [6], two controllers are designed for pitch actuator based on MLP and
RBF neural networks. In the article, RBF had slightly better performance in rotor speed
regulation. The performance of a nonlinear Pl (N-PI) controller is studied in [7], in
which by designing an extended-order state and perturbation observer to estimate the
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nonlinearities, an external signal is added to the output of a PI controller. The results
showed the effectiveness of N-PI in decreasing the RMS (Root Mean Square) of error
and mechanical loads in comparison to a gain-scheduled PI. Meanwhile, the results are
also validated via the FAST simulator. In [8], to overcome the effect r - the unknown
delays caused by hydraulic pressure driven units a Pl controller is optimized 1. an ideal
system, while a delay estimator is designed to estimate the perturb7 dor caused by the
delay. Using this estimation as a compensation signal the effect o1 e delay in the
output is removed. The technique was tested on wind turbines wi.> different rated
powers, and it is observed that the performance of a 4.8-MV. wi . *urbine has been
improved.

The quality of adjusting the controlling parameters of a vind ti rbine has significant
effects on the mechanical loads of the drivetrain, tower, ~...d biaues [7]. Pitch regulation,
changes the direction of the airfoil, so as the vector f .ppl 2d forces on the blades.
These changes and wind speed fluctuations, cause ¢,~lic ...otion and vibration in the
blades and tower. Hence, the control methods play an esse tial role in limiting the loads
and fatigue damages and as a result lowering th. mai.:*.nance cost and increasing the
efficiency of wind turbines. These are the motivatinne "5 search for suitable approaches
in operation. Although one of the manners is . redesign the blades with respect to
fatigue reduction [9], or implementing new seir...5 and mechanical equipment [10], a
fast and viable way in order to respo~ce ti.»se demands are changing the control
algorithms and software, in which, the rey in.ment for new sensors and design would
be relaxed.

Therefore, more research is dor:z +ecently to decrease the mechanical loads. For
instance, in [11], several contrc algori "ms are presented to alleviate loads of a wind
turbine. These methods consi.t of 1. ~.alling new sensors to measure the loads, using
individual pitching control 7-PC,, praviding a joint control between power production
and the loads, and using tr e tory.~ control to alleviate the torsional resonance. IPC is a
technique that every bla'.e 1.*ates along its longitude axis separately. An experimental
study on IPC is condu” ' in [12] to reduce the loads. The controller is designed based
on the linear state-.~ac. model, and the gains are calculated via linear quadratic
regulator (LQR) methnd. The controller demonstrates better performance in lowering
the loads while n.~in"aini (g the error and pitch actuator usage. However, in these kinds
of model-baser ..iethou,, a complete model of the system is needed. A combination of
IPC and fuzzy contro lers is studied to reduce mechanical loads [13]. To do this, a fuzzy
controller i~ des.,..ed to control the rotor speed by adjusting the pitch angle and
generator referer.>e torque, while the other two fuzzy controllers are responsible for
controlling >~ .nechanical loads (blade moments) by adding an extra signal to the
output 1 e first controller. The control performance shows a reduction in fatigue
loads. A 1.bust H,, method is examined in [10] for tower and drivetrain load mitigation
in a 5-MW wind turbine, where two H., controllers are designed at above the rated
speed; one controller is for adjusting the pitch angle, and another is designed to tune the
generator torque. The inputs of the controllers were generator speed, tower, and blade
tip accelerations. The method has superiority in load reduction in comparison to a
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baseline controller. In [14], it is shown that how optimization of a pitch and torque
controller can affect the loads. In the method, a hybrid cost function is defined, which
includes the fatigue and ultimate loads of blades, tower and drivetrain and the rate of
pitch angle. Then the variation of cost in different proportional and i'.~2gral gains is
studied. A reduction of 2% was achieved in load effect in particular wind spee.. In [15],
a comparison is made between SISO and MIMO active flow control 7.1 a vind turbine. It
is shown that in a wind turbine equipped with active flow contro!l. a . ‘IMO controller
can be decomposed into simpler SISO controllers, which is hinhly ~fficient in load
reduction.

In the past years, the fractional order controllers hav ieceived many interests.
Fractional order controllers have more parameters to set su that tl e controller designer
can apply more consideration to account. A motivation t stuay uiis kind of controller is
its particular structure: If their extra parameters, which e (ner orders, are set to 1, they
act as a simple PID controller. On the other hand, albe’* the:, nonlinear figure (PI*D#),
they are usually approximated via linear transfer f'nctions that are similar to high order
linear controllers. In several cases, fractional-u.Yer c..itrollers have shown a better
control performance than their integer order ce''~*~+~~__s: In [16], the performance of an
automatic voltage regulator is investigated unde. ~ontrol of an optimized FOPID. In
[17], a multi-objective optimization is acuonr w.iied to control a hydraulic turbine.
Besides, in [18], a multi-objective desig * nrou~ss is suggested to design a FOPID and
PID for plants with parametric uncertainty n. [19], a fractional order Pl controller is
investigated for a 4.8 MW wind tu."uic, while its gains are constant during the
operation. In [20], a gain-scheduling PIL and a gain/order-scheduling FOPID are
designed via optimization. The simlation results show significant superiority of
schedule-gain/order FOPID in dec=asir 4 control signal fluctuations.

In this paper, to mitigate t'e 'aectanical loads in a wind turbine and maintain its
performance, simultaneouv.ly, a ..-w method, which is a combination of FOPID and
RBF neural network, is pro.nsed. In the process, the wind turbine equipped with a
simple FOPID contro’.e: undergoes several wind profiles with fixed average speed.
Then, employing chac*ic differential evolution (CDE), the optimal gains and orders are
found. The primary gnal ¢ this design is to alleviate the tower and blade moments,
which are criticai " “ae v.ind turbine lifespan. With the optimal dataset, an RBF neural
network is trai'.cd to v.i00se the best parameters and put them into the controller. To
study the effe ‘tivene: s of FOPID, an RBF neural network based PID is also designed
within the c=e nwiework. Then several fluctuated wind speeds are applied to the wind
turbine mdel, ad the results are compared with a conventional gain-scheduling Pl
controller (1x""—c baseline PI controller) [21], the RBF PI controller [5], and the FOPI
control, r ' 1yy. It is known that the validation of a proposed controller is of utmost
importanc. To this end, to validate the simulation results, all controllers are applied to
the FAST (Fatigue, Aero-elastic, Structure, Turbulence) as a detailed wind turbine
simulator.

The motivation of this paper is twofold: 1) Proposing controllers to investigate the load
mitigation of a wind turbine and comparing it via a conventional controller in the
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industry. 2) Since the load mitigation and performance in wind turbines conflict with
each other, another motivation is that the controllers should present satisfactory
performance. It should be noted that, although a controller with more ceefficient may
demonstrate a better achievement in some control objectives, its effer =~ on different
aspects should be studied. The contributions of this paper, to accomp..sh those
motivations, are as follows:

1) Proposing a cost function to decrease the mechanical loads.

2) Considering the performance of a conventional gain-ccheluling Pl controller
(NREL baseline PI controller) as a constraint.

3) Proposing an RBF neural network that can predict *.ic gains of the PID/FOPID
controllers without any demand to measure the winc speed.

4) Validation the control performance of the prop..ad cuntrollers via a standard
wind turbine simulator (FAST).

5) In the proposed methods, unlike IPC related p.ers, Liere is no demand for new
mechanisms [11-13].

6) The need for sensors to measure the wina ~neeu <. the tower/blades acceleration
is relaxed [5, 6, 10].

This paper is organized as follows: Sectior 2 i< a biief description of the wind turbine
model. In Section 3, the baseline controller >.d the proposed methods are presented.
Section 4 demonstrates the process of “.'vii.g the parameters, test scenarios, and
validation. Finally, Section 5 conclud~= the \ aper by discussing the main advantages of
the proposed method.

2 Wind Turbine Dynam’_ Mo.'el
A wind turbine (WT) dynamics .~n pe divided into several parts: Aerodynamics,
drivetrain, generator, pitchir.g ssstem, and flexible tower. The wind turbine that is
presented in this study as “ne Lo imark is a land-based 5 MW class horizontal wind
turbine, which is propose 4 .. NREL [21].

2.1 Aerodynamic,
The captured energv ci. tally depends on blade shape. However, it is also affected by
wind speed and pi.ch .ngle. The captured power is calculated as:

1
P, = > ptR*Cp (4, B)v3 1)

where P, "5 the ¢ *ptured aerodynamics power, p is the air density, and R is the radius of
blades plus hub "adius. Cp is power coefficient and v is the wind speed. g is the pitch

angle a1 » — X®r/_is called the tip speed ratio (TSR).
The captured torque from wind is calculated as follows:
B =Ty, 2

where T, is the aerodynamic torque.
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Cp is an experimental coefficient, which is nonlinear and dependent on blade shapes,
TSR, and pitch angle. Here the coefficient is adopted from a look-up table of NREL 5-
MW wind turbine [21].

2.2 Drivetrain

The drivetrain is a complex component that transmits the capti.ea power to the
generator. In a large-scale wind turbine, the drivetrain can have se.r: effects on the
performance, because of its flexibility. It is more common to sin. 'ify the model to
separated masses. In [22], several separated mass models in the .rar =*ent period, such as
2-mass, 3-mass, and 6-mass are compared. It is studied that - ~1ss model is accurate
and yet simple enough to be chosen for simulation and cc wroller uesign. A two-mass
simplified model for drivetrain is shown in Figure 1.

>\ K N,

—> B 7

—> r

Ta Bls Kls

—> X

—> W s B g
v 9

Figure 1 Two-m. -, Zi™."ified drivetrain model
The drivetrain equations are derived as follows
Jroy =Ty - Tis — Brow, 3)

where J, is the inertia of b.>de,, hv.0 and low-speed shaft. T, is the low-speed shaft
torque and B, is the rotor r ampiny coefficient. T can be calculated as follows

T, =K, — lpls) + Bis(wr — wis) (4)

where K¢ is low-sreea haft stiffness and By is low-speed shaft damping. w;s is the
speed of low-spe.d <'iaft while vy, and ¥, are the rotor and low-speed shaft angular
deviation, respertive,

The gearbox ti *nsmis sion ratio is defined as:

N =
Ths

()

where N . gearbox ratio and T}, is the high-speed shaft torque.

In the generator side, the following equations exist:

Jgwg = Ths — Tg — By (6)
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In (6), /4 is the generator inertia, T, is the generator torque and B, is the generator
damping.

According to (3)-(6), the drivetrain differential equations are derived as fr dows

Wr A1 Q12 A13][@r b14 C11
Wy | =101 Az Q3| |Wg| + b21 Ta + €21 Tg (7)
Tls azy 4zz d4szs Tls b31 C31
where
B, 1 1
a11=_ﬁ a;; =0 a13=_]_r »A,=]—r 1 =0
a;; =0 a22=_& a3 = : by =0 CZl:_i
Ig NgT, Jg
BB, 1 Blng y + Nﬁ] By By,
az, = Ko — az; = —(—=—Kj5) sz = =B (=~ LD = (3 =—
1 s 2N e 5 lS(] Ng /1. A T Nyl

2.3 Generator

The generator is supposed to convert the Kinetic enei ;) 0’ the wind to electrical power.
In this paper, a simple first order generator is choser.. and its differential equation is as
follows

Ty = (T oy = 7y) ®
g

Py =n.T, 04 9)

where 7, is the generator time constant, P, is the generated power and 7, is generator

efficiency. It should be noted the'. there .5 also a limitation in both torque and torque rate

in generators dynamics. Ty is limi.4 "etween 0 to 47,402.91 N.m whereas its rate is

limited between -15 to 15 Kr.m/; [2"].

Since the main contribut..~ of this paper is to study the mechanical loads and pitch
control, the turbine is ~onsideied to be an off-grid; thus, a first order generator is
reasonable [21]. How :ver a more advanced model for the generator is needed when the
turbine is connecter' to u.~ grid. Usually, the doubly-fed induction generator, along with
a back-to-back cc ive’ er, is utilized [23]. To control the connection of WT to the grid,
one of the effective 1,7t ods is to use a back-to-back converter to control the frequency.
Besides, since doub, -fed induction generators consume reactive power, the back-to-
back converter .2n 2’50 be used as a capacitor bank to compensate power factor [24].
2.4 Pitcn acte ator

Pitch actua"r re ates the blades around their longitude axis. In this research, a simple
first oi e . >*'ator is implemented. The differential equation is as follows

. 1
B = _ﬁ(ﬁref -pB) (10)

T

In (10), Bref is the reference pitch angle, generated by the controller and 74 is the time
constant of the actuator. In a pitch actuator, the limitations are playing a crucial role.
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B is usually limited between 0° and 90° while the rate limitation is considered to be
between -8 to +8 /s.

2.5 Tower

Rising wind through wind turbine caused vibration in the tower. In tal’ ‘ind turbines,
tower vibration caused an additional fluctuation in wind speed. In this naper, .1e tower
is approximated via a mass-spring-damper system. The different’al e juation of the
tower can be derived as follows:

(Ftow - KtowZ - BtowZ) (11)
tow

where z is the displacement of the tower top. K;,,, and B, ., are ti e tower stiffness and

damping coefficient, respectively. F;,,, is the applied arce o the tower and has a

nonlinear relation with wind speed and pitch angle [21]

Although the effect of the flexible tower is usually ney. cted in many papers, in this
paper, it is considered by its impact on wind snee. flur uations. In other words, the
tower tip speed is added to the wind speed. It is nu.~eable that the blade motion, like
tower motion, could also affect the WT peric mance by changing the power curve.
However, the effect of blade motion on pc .~ nroauction and the interaction between
the drivetrain, tower, and blade is neglected ir. t'ie two-mass model.

Table 1 exhibits some of the leading wind tu buie parameters.
Table 1 Wind turbine parameters [21]

Parameter Value

Power capacity 5 MW

Cut-in, Cut-out and rated speed 3 m/s, 25 m/s and 11.4 m/s
Rotor radius 63 m

Tower height 87.6m

Rated generator angular speer’ 122.9 rad/s

Rated generator torque 43093.55 N.m

Gearbox ratio 97:1

Maximum power coeffic en. 0.482

3 Control Drsig s

3.1 Baseline ~onu ~.er

In this part, tF 2 basei ne PI controller, which is proposed by [25] and designed for a 5-
MW wind tfur.™e gy NREL [21] is described. Baseline Pl controller is a gain-
schedulinc PI ccntroller and developed based on the simple single degree of freedom
wind turbi.» me.el. Based on the free body of a simple drivetrain, the rotor equation of
motiol. w.a, =~ Written as follows

d
T, — NT, = (J» + N2J,) a(wr + Aw,) = J;A@, (12)

where J; is the drivetrain inertia.

Since the Generator torque changes are ignorable in the region above rated-speed, it can
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be calculated by

Po

Nyw,

Ty(Ngwy) = (13)

where P, is the rated mechanical power. On the other hand, by assum’ ., that the change
in the captured aerodynamic force is ignorable:

Ta(,B) — P(.Br wr—rated) (14)

Wy_rated

where P is the mechanical power and w, _,4teq 1S the nomir al rotc - speed.

By using first-order Taylor expansion of (13) and (14) ~.ounu w, and S, respectively,
two equations can be written as:

T, fo S (15)
= — — AW
g Ngwr—rated Ng wf_ ~atew 7
P 1 o
T, ~ ——+ (9 AB (16)

Wy_rated Wy_ratea \aﬁj

where AB is a small deviation of blade pitci #.1gle about its operational point. A PID
controller scheme, which its input is devic .21 0. rotor speed and its output is defined as
the deviation of blade pitch angle can he writen as:

t
AB = KpNjAw, - ., [ NyAw,dt + KpNyAw, (17)

where Kp, K; and K, are prop srticnal, ntegral, and derivative gains, respectively.

Now by assuming Af = ¢, ana .~ mbining (12) and (15)-(17), the equation of motion
for rotor-speed will be czicui.*od as follows

Py
) N, Kp — ———

1 JoP 1 dapP l
( ¢
wr—rated (18)

+—|- «1NK]"+[— ——
[]d wr—rated( ap/ 97p 4 Wy_rated aﬁ

Pl

Wr—rater -

Eq. (18) bears . strik'ng resemblance to an ordinary second-order system with following
the differe itial € uation

Megp + Coqg® + Keqgp =0 (29)
In (19), »#wral frequency and damping ratio can be defined as

(20)
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$op = S (21)

2 /KeqMeq

In [25] it is suggested to neglect the K}, and assume the natural frequenc® *a be 0.6 rad/s
and the damping ratio to be 0.6 - 0.7. Therefore, the gains can be calculateu with the
following equations

2]d Wy—_rated ((p w(p
KP =

(5
K, = Ja Wr_ratea wé ’
% (~3p) “

In the above equations, —2—; is the blade pitch sensit*vity ane I1s dependent on the wind

speed, pitch angle, and rotor speed. In [21], the Flade pit :h sensitivity curve is driven
for wind speed. With blade pitch sensitivity, botl, ~rop.Z.0nal and integral gains can be
calculated. Figure 2 shows the gains for operatinn i *  region above rated-speed.

0 T ? — ——
_KP

-0.5 F —KI |
M!—t

3 1k i
a9
M

-1.5 .

2 ' 1 1 1
0 5 10 15 20 25
B (deg)

Figure 2 Kp ar.' K. .n th" baseline PI controller that is designed for a 5-MW wind turbine [21]

In this methcd, thc gains are chosen based on the pitch angle. Thus, the speed
measurement .~ neer ad. However, it is a cost-effective suggestion since wind speed
measurem .nt is not an easy or accurate task [26]. The anemometer that is usually
installed ¢~ the 'vind turbine can only measure the wind speed in the installed point,
which “~2< not give proper information about the other parts of the wind turbine.

Remark .° As it is shown in Figure 2, K, and K, are negative parameters. As it is
indicated in [21], the relationship between control signal (which is pitch angle) and
controller input (which is the error of generator speed) is inverse. On the other hand, the
existence of the torque controller adds negative damping to the system. Therefore, for
the stability of the system, it is needed to use negative gains.
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3.2 Proposed controller

The proposed controller is a gain-scheduling fractional-order PID, which uses the
subtraction of generator and nominal speeds as the input and a reference »itch angle as
the output. Although FOPID is used in this paper, by this method, any . ~ntroller with
adjustable gains or parameters can be designed. Eq. (24) shows a fractinnal-orucr PID in
the time domain.

t
Brop = Koe(®) + K; | e(@dr* + K- et®

24
0 — (24)

where p and A are two fractional numbers.

Remark 2: Fractional-order controllers are usuallv a.nre amated via specific
expansions, among them, Oustaloup approximation, wbh’.i, recently received many
attentions, is slightly simpler to be implemented by h~raware "27, 28]. In this paper, due
to its effectiveness, the Oustaloup approximation is u.2d. To perform a fractional
controller, many tools can be utilized. Althouah . 'actrochemical systems [29] and
electronic circuits [16] can be used, microprocessors “nd PLCs are the most viable and
practical methods.

To choose the optimal parameters, they Ar. tfirst derived by solving a suitable
optimization problem. This procedure g.~.2< a “et of optimal parameters for different
wind speeds. This optimal set is used to trai» an RBF neural network. Thus, the trained
neural network can select the proper pa ~meters in each wind speed. However, due to
reasons mentioned in Subsection 2 1. the wind speed should not be measured directly.
Thus, in our method, the wind s'.eed is 3stimated by using measurable quantities of the
wind turbine. In the following ~ubsc ~tir as, the technique is explained.

3.2.1 Gains Calculation

To calculate the gains o (24), aifferent wind speeds are considered. Then using an
optimization algorithm, a sun."le cost function will be minimized, and thus a set of
optimal parameters for ( '4) is derived for each wind speed. With this method, an
optimal dataset for nan.. and orders will be found.

To optimize the controller, the following cost function is considered.

Tmax
Cost = f lu(t)| - dt (25)
0

where T,, ., is ti @ maximum simulation time and u(t) is the control signal (i.e., the
pitch angle .~fer.nce) at the time t.

Minimiz.y4 (25), leads to minimization of the surface below || over time. There are
many reaso.1s for choosing (25) as the primary cost function. u is highly related to the
rate of pitch angle, which means the rate of force vector changes on the blades. Thus, it
is highly correlated with the blades and the tower mechanical loads. One other
suggestion instead of (25) is the integral absolute error (IAE) of the rotor speed [5].
However, making the error as small as possible may not generally be a good choice
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concerning load reduction. Besides, reducing cost function (25) will lower the risk of
wind-up and saturation in pitch angle actuators, which because of the minor time
constant is probable. It is noticeable that although utilizing (25) can miticate the loads;
it may jeopardize the performance, i.e., generator speed error. Thus, > constraint is
needed to determine suitable performance. In this paper, the constraint 1s deti.>d as the
maximum generator speed error of a wind turbine with a PI control’er, vhich its gains
are equal to the baseline in each wind speed. Eq. (26) introduces tha co,. ‘traint

Tm ax

[ e @1-de< [ len @)-a (26)
0

0

where epg(t) and ep,(t), are the error at wind speed v foi the pr posed controller and
PI controller with the baseline gains, respectively. It shr.d be .wted that the constraint
makes a suitable background in comparing the controll rs "1 tt 2 sequel. Considering the
above discussions, the following optimization probler.. ~an . defined

Tmax

min j [wM)| - ut
Controller Parameters 0
(27)

Tmax {'"- X
S. t.j leps ()] - dt < 15 (@) - dt
0 ‘0

Selecting the RMS or variance of the ow~als may be another choice for the cost
function. However, it is observed t-2* it 'oes not necessarily minimize the signal
frequency; although the RMS or varianu: is decreased, there might be more cycles.
Thus, the derivative of the pitch >-tuator is not necessarily decreased, and in an
uncertain situation, it leads to m" re loaa on the structure.

Now, a gain-scheduling me _har.ism should be implemented, so that in every wind
speed, suitable gains will F2 as.r :d to the controller. This mechanism is discussed in
the following.

It is essential to cons’Jer he difference between gain-scheduling and order-scheduling
problems. In (24), the vo 1trol signal is linear concerning the parameters Kp, K;, and K.
However, changir.g t'ie fractional orders in (24) needs recalculating of Oustaloup
approximation, whi. * fo  each time step, new operators should be calculated. Although
Oustaloup apf.oximtion can approximate fractional operators, it is not accurate for the
first time ste.~ Thi s, changing the order of the fractional operator will cause the
controller "o giv~ inaccurate results. Figure 3 shows this effect. The figure demonstrates
a Sine wa\ ¢, its .l derivative, and its half derivative. As it is shown, the half-derivative
behavi-* in tne first few moments is different: In the first half cycle, the amplitude is
less thar. t'.e steady state. However, after a few time steps, the half derivative of Sine is
reached to .'s steady state.
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Figure 3 Sin(x), its full derivative, and its ¥ w. derivauve

To solve the problem above, we will assume that the uiders of FOPID do not change
during operation, and they are equal to the average. of optimized orders of the
optimization results. Now by considering the orucvs of (24) to be constant values,
another optimization is done to recalculate the three o2ins of FOPID.

3.2.2 Wind speed estimation

The Newton-Raphson method [7] and artifictal .icural network [30] have been used in
wind speed prediction. Although the est’ ~atio, tools may be different, the principle of
all is the same and based on extracted aero'vniemics power. In fact by measuring the P,
in any time and considering (1), the wn.2* specd v can be estimated.

P, can be calculated via (1) for d’.ic.nt values of B, w,, and v, to provide a database
for the relation between the vari. “les an | actual wind speed. It should be noted that it is
impossible to measure the .apture. power (P,). Instead, the generator power is
measured and divided into ¢-ne ator and drivetrain efficiency. The generator efficiency
is 94.4%, and the drivetre .n is cu. sidered to be frictionless [21]. In addition, since the
drivetrain model is deer.ied w he unknown, the w, is calculated by dividing the w, to

the gearbox ratio.

i ™
RBF Neural _,\_,lE
Network
K K K
=\ I ST
wgrer =Bt B PI'DE — B Wind
Turbine
— —P»
| Torque | I
Controller Trey

Figure 4 Proposed controller structure
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Then, a prediction method can be evaluated that its input vector is 8, w, and F, and its
output vector is the wind speed (v). However, since the goal is to set the gains in each
situation, instead of v, we consider estimating the gains vector in eack wind speed,
directly. Regarding the discussions in Subsections 3.2.1 and 3.2.2, the ,.icture of the
proposed method can be depicted in Figure 4.

4 Simulation

In this section, the proposed controller in section 3 will be desinneu far the model in
section 2, and then test scenarios will be studied. In the seque’, thr .~rformance of the
proposed controller is compared with the gain-scheduling PID cu. ‘roller designed using
the proposed method, NREL baseline PI controller describr d in £ tbsection 3.1, RBF PI
controller proposed in [5], and a FOPI controller [19], whic." is tur.ed based on [31, 32].
For the subsequent discussions, these controllers are r .spert*vely denoted as proposed
FOPID, proposed PID, baseline PI, RBF PI, and FC™.. It should be noted that all
controllers are designed based on the two-mass moder .nd are validated via the FAST
simulator.

4.1 Tools

4.1.1 Chaotic differential evolution
Differential evolution (DE) is one of the ol/'<st; however, the strongest optimization
algorithms. In this paper, a rand/2/best mu*a. n s considered as [33].

VE = XE, + Ft(XE;, — & Resth) + Ft (AL — BY) (28)
where X}, is the d™ dimension of " population among generation ¢. A and B are two
random members from X%s. V', is tt.> d™ dimension of the i™ mutated vector in
generation t, XBestl; is the d" irension of the best solution in generation t.
Meanwhile, Ft is a value cal’ad *'1e s3aling factor. In this paper the Ft is generated via a

Gaussian chaotic map as

Xn+1 = exp(=b-xp) + ¢ (29)

where x is the repre:2nt7.dve of the chaotic random number [34]. The map features a
chaotic behavior fc. many “7alues of b and c. In this study b and c are considered to be
6.2 and -0.5, resg ti* ely Since, the value of x is in the interval of [-0.2878, 0.5000], it
is mapped to th~ .nterv.. of [0.5, 1] [35].

In the crossove - the same dimension of some members is exchanged with another one.
The crossr ver that is used in this study is precisely the same as the ordinary DE in [33].
Table 2 in!'icates the parameters as well as the chaotic map used to calculate the mutant
factor.
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Table 2 CDE parameters

Parameter Value

Maximum iteration 50

Population 10 times of variables

F rand(0.5, 1)*

Cr 0.6

Chaotic map Xpi1 = exp(—b-x2) + ¢
b=6.2,c=0.5

*Random number is created via Gaussian chaotic map

Remark 3: In this study, any kind of optimization algorithm ‘< applicable. However,
chaotic DE is selected since it is simple and at the same aine nowerful. Besides, its
dominance over ordinary DE and PSO is shown in [35].

4.1.2 RBF neural network

The basis of artificial neural networks is the humar hrain rzchanism of learning and
producing knowledge. RBF neural networks, which its su. cture is presented in Figure 5
uses a single array of radial basis functions in the n,’der layer, and the output layer is
usually considered as a linear function [36]. Thus, it ..s less parameter in comparison to
MLP and GMDH, which makes RBF mcre straightforward tool for function
approximation. RBF can be trained in a shc .2~ tfime, and it works best if there are many
training vectors available [37].

The activation function in RBF neural netwwark hidden layer is a Gaussian function as
follows:

- C:|?
/_Ix -Gl >,i —12, ..k (30)

i(x) =exp ——
¢i(x) = exp \ 2
where C;, which in the forn, ~ C; = [Cjy, Cip, ..., Cin] 1S the center of Gaussian radial
function ¢;(x), and o; = ‘74,05, ..., g%, is called spread and determines the width of
each Gaussian radial furiction. To train the neural network, the procedure proposed in
[37] is considered.

Figure 5 RBF neural network structure
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Remark 4: To predict the gains, the goal is to make a relation between the three inputs
and the three outputs. It should be noted that any modeler, such as different kinds of
artificial neural networks and regression models are applicable. However, artificial
neural networks have shown better performance in wind energy relat_~ applications
such as power curve estimation and fault detection [38, 39]. On the other harn.., slightly
better performance has been reported for RBF against MLP as a dir:ct ' itch controller

[6].

4.2 Optimization and training

The optimization is done for 26 wind speeds between 12 m/s o~ to 24.5 m/s with the
step of 0.5 m/s. To challenge the robustness, all the '«nd speeds have minimal
fluctuation with a maximum frequency of 10 Hz (Figure ¢\ [40]. All the wind profiles
are created via Kaimal wind model based on IEC €.400-5 [41]. The optimization
problem is considered in (27). To calculate the IAE of *h~ pas :line PI controller, firstly
the gains of the baseline PI are obtained from Figure .. The.i, by the constant gains, the
IAE of the baseline PI controller is calculated for ~ach wii d speed profiles of Figure 6.
Thus, during the optimization, the IAE of FOr 'D w... be compared to IAE of the
baseline PI controller, and if the constraint dor- ~~* -~ _et, a penalty function is applied.
Table 3 shows the equivalent pitch angle, gains, »,*F, and the cost function (25) for the
baseline PI controller in some wind speeds.

It should be noted that the same method c.ti e easily applied to an ordinary PID. Table
4 shows some of the optimal paramete = ~f FOPID and PID.

2 A R e e e Rl

M%‘ “ MMNMW\,J‘ m o~ |
22 Ww ’ wwhmﬂwwmq
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T | oo R i v%mwmmwm,
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Figure 6 Wind speed profiles used for the optimization process
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Table 3 Parameters of baseline PI controller

Equivalent pitch

Wind speed angle (deg) K, K; IAE Cost in (25)
14 8.7 -0.6298 -0.2699 144.44¢/ 68.8277
15.5 9.6 -0.4912 -0.2105 171.0742 62.6868
17 10.4 -0.4119 -0.1765 185.:12r 56.0194
18.5 11.3 -0.3593 -0.1540 20,.7071 55.8160
20.5 12.0 -0.3108 -0.1332 ~o. 536 55.7465
22 12.8 -0.2838 -0.1216 26" .6805 56.2760
24 13.5 -0.2559 -0.1097 31, 1463 59.3156

Remark 5: Unlike many related kinds of literature [5, 7, in th's paper, a fluctuated
wind speed is used for optimization. The amplitude of the.~ f'.ctuations is minimal.
Therefore the values can be used instead of nominal cc st~ .« .vind speed. However, the
variations can affect the performance significantly since *ie behavior of the wind
turbine varies in different wind frequencies. Therefore, to ut the optimization in a more
realistic condition, it is more appropriate to accompn.* ths optimization process in wind
speed with real fluctuation frequencies.

Remark 6: The Oustaloup fractional-order anprox.™ation, which is used in this paper,
is assumed to be a 5" order. The band frequ.nc,, aiso is considered to be in the interval
of [0.01,100] Hz, which is suitable for m. .* of e industrial purposes [17].

Table 4 The optimized parameters of PID anc - C™'D

Controller  Wind speed Kp K; Y A U IAE Cost in (25)

14 -0.7103 -0 Zo.” -0.063244 1 1 144.4440  56.5092

15.5 -0.5244 11684 -0.062084 1 1 171.0113 54.3429

17 -0.4567 -0.15. -0.040277 1 1 185.3392  50.6492

PID 18.5 -0.365 ' J.14"3  -0.043744 1 1 207.5067  50.9266
20.5 -0.2,09 - "325 -0.035805 1 1 2515078  51.6529

22 -f26u2  -0.1222 -0.033855 1 1 267.6456  51.1509

24 v.7290 -0.1112 -0.032115 1 1 312.6179  53.6180

14 -0 4179 -0.2090 -0.3967 0.9368 0.4982 144.3742  53.2665

155 -0..57 -0.1746  -0.2450 0.9850 0.5917 170.9041  51.0409

17 -0 685 -0.1930 -0.3316 0.9284 0.3962 1852877  47.0226

FOPID 107 J.3009 -0.1544  -0.1612 0.9724 0.6240 207.4520  48.3941
20.5 -0.2807 -0.1346  -0.1086 0.9926 0.7014 251.5317  48.9513

22 -0.2422 -0.1263  -0.1072 0.9843 0.7423 267.3900  47.4482

24 -0.1978 -0.1200 -0.1020 0.9787 0.7150 312.4545  49.5714

It should b. noted that it is observed that if the system is optimized for a fractional PlI,
the A v.'u v rerge toward 1, and the result is the same as integer-order PI.

As it is expressed in Subsection 3.2.1, another optimization is done in which; the
fractional orders remain constant, equal to the average of the first optimization. The fact
that u and A are nearly the same in all wind speeds validates this simplification. In this
study, the average value for 1 is 0.9607, and the average for u is 0.6062. Table 5 shows
these parameters for the new optimization for some wind speeds.
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Table 5 The optimized parameters of FOPID

Wind speed Kp K; Kp A U IAE Cost in (25)
14 -0.5128  -0.1962 -0.3067 0.9607  0.6062 144.3939  53.2921
155 -0.4025  -0.1825 -0.2612 0.9607 0.6062 170.99°1  51.1794
17 -0.3135  -0.1724 -0.2053  0.9607  0.6062 185.2508  47.2882
18.5 -0.2861  -0.1594 -0.1731 0.9607 0.6062 207.45 8  48.4363
20.5 -0.2416  -0.1469 -0.1475 0.9607  0.6062 252 4/33  49.0613
22 -0.2081  -0.1363 -0.1329 0.9607  0.6062 2.7 64u.  47.7781
24 -0.1635  -0.1306 -0.1355 0.9607  0.6062  .'12.9.2 49.9602

To train the RBF neural network, the database is created for the ‘wi'«d speeds between 12
to 24.5 m/s with the step of 0.5 m/s, for the w,. (which will . conve.ted to w,) between
1 to 1.5 rad/s with the step of 0.0025 rad/s and for the pitch anglt from 0° to 25° with
the step of 1°. However, the entries that lead the power ‘. becu.ie less than 4AMWSs and
higher than 6MWs are eliminated, since the wind turb. ne uoe: not see these conditions
in the region above rated-speed. In this way, 10295 . *ries _.e created. Then the neural
network is trained via the method that is discussed in subse stion 4.1. For the RBF neural
network, 10 neurons and 3 outputs are considere.' so ."~.e are 30 weights and 3 biases
that should be calculated via the training methnd Y-« sever, instead of v as the output
vector, the equivalent optimal gains are set. 1.:1s, as it is shown in Figure 4, the
outcome is an RBF neural network for each v <22d controller, which it’s input vector
is B, wg and By, and its output vector is ¥ K;, nd Kp.

Remark 7: Since the inputs are not 7 - tha <>me order, all of them are normalized and
mapped to the interval of [0, 1].

To determine the best spread val se for .Ye RBF neural network, the mean squared error
(MSE) of several situations is rons.'err d. The training was conducted for ten times with
different spreads (between 0 s to 3 with the step of 0.1) for 70% of the database as train
data, and then the best spr-.aa .. crosen based on the MSE of remaining 30%. Table 6
demonstrates the average .<SE for different spreads in test data.

Table 6 The average MSE Jf 1 RBF training for validation data with different spreads

Spread (o) 2k 0.7 1.0 15 24 2.9

For PID database ~ J.0MN190.  0.001043 0.0008051 0.0006553 0.0007088 0.0009962
For FOPID database 0 ,012:6 0.0007988 0.0006554 0.0005505 0.0005822 0.0006997

Based on Tabl~ 3, the spread for training the RBF neural network for both PID and
FOPID is con.idered o be 1.5.

One of ne nonst critical stages in design is to guarantee the performance
mathemati. ally. "{owever, providing analytical proof in the wind turbine (even in the
two-m .. ~~del) is not a straightforward task, because the aerodynamical equations and
the struc. (e of the controllers are highly nonlinear. On the other hand, in a more real
condition, when the wind fluctuations are high and stochastic, the linear models for
stability analysis do not provide a suitable background in the design. Thus, two test
scenarios are brought in following. In the first one, the two-mass model is implemented,
and the performance in different wind fluctuations is studied. In the next, the same
controller that is designed for the two-mass model is implemented on a more detailed
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simulator; therefore the performance and robustness of the proposed controller is
studied under different wind fluctuations in a more realistic situation.

4.3 Test on the two-mass model

In this Subsection, the proposed FOPID, proposed PID, baseline Pl, RSF k. ‘Ref. [5]),
and FOPI (Ref. [19]) are compared on the two-mass model. Eic.ite. n wind speed
profiles are generated based on the Kaimal wind model, adopted fro,.> * 1e IEC 61400-3
[41], which includes different wind speeds average and different stan.'rd ueviations.

The presented controller in [5], is an RBF based PI controller, ~hirn is crained based on
an optimized dataset of Pl controllers in different steady '**ina .needs. The IAE of
generator speed is considered as an optimization cost fun :tion, ¢1d a sensor for wind
speed measurement is assumed. Thus, this paper is a goor! ex.™""¢ to study the effect of
our proposed method.

The performance criteria, which are chosen to compare *he controllers at the first step,
will be RMS of generator speed error and RMS o. ~ontrc, force rate. However, this is
not satisfactory enough since different loads on the ~tructure of the wind turbine should
also be considered. The most critical loads « - a wind turbine are the tower fore-aft
moment and the blade root out-of-plane motions. e first one is the torque caused by
movements of the tower to its front and back, ar 4 tne second one is the motion of blades
out of rotation plane. To compare the . .2ds, “eir RMS around their mean value is
calculated [42]. It is noticeable that the .laue out-of-plane deflection refers to the
deflection of the blade that is caused v, wind and push the blade outside the rotation
plane. Meanwhile, the blade in-plane deflection refers to a deflection inside the rotation
plane. The moments caused by .hese \'eflections are called out-of-plane and in-plane
moments, respectively. Figure 7 ae, ‘ate these two blade deflections in a cross section of
the rotation plane.

Out-of-plane deflection

in-plane deflection ® @

Rotation axis

Figure 7 Cross section of a blade rotation plane
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Figure 8 (a) RMS of generator speed error in 2-mass mc *=l. (b, ™".1S of pitch actuator rate in 2-mass
model. (c) RMS of pitch actuator rate in 2-mass model. (d) Ri.'< of the out-of-plane moment of blade
root in 2-mass Model

Figure 8 shows the performances of five crntroller.. To have a better comparison, the
simulation time is considered 900 secona. it should be noted that the absolute
percentages are calculated via

Arespectto b -~ 100 5 (31)

Figure 8 (a) shows the RMS of ¢..ic. ~tor speed error. The FOPI has performed almost
the best among all controllers .»/ 38.0 % better performance comparing the proposed
FOPID. On the other hand, the pe.‘ormance of RBF Pl is 27.7% better than the
proposed FOPID. The perfc.m7.ace of the proposed FOPID is slightly better than the
proposed PID in this figur :, and u.: average error in the proposed FOPID is 3.1% better
than the proposed PIC. Hc *ever, the baseline Pl controller shows the weakest
performance. The figi .e ‘epicts that the proposed FOPID is minimizing the RMS by
11.2% in comparison .~ *.1e baseline PI. Less value in RMS of the generator speed error
means the rotor is ".nder less torque variation.

Figure 8 (b) d~mons.~ s the RMS of the pitch actuator rate. It can be seen that
controllers arc perfor ning differently at different wind speeds. The proposed PID and
proposed FOPIL_ k= ¢ less variation in pitch angle rate. Although, the proposed PID and
the propo ed FC”ID has had better performance than the baseline Pl by 13.8% and
15.0% in a.~rar ., respectively, in some cases the baseline PI controller has been acted
better . au: .~ other two controllers. However, the proposed FOPID is working better in
minimizn 1 pitch angle rate; it has reduced pitch actuator rate by 1.7% on average, in
comparison to the proposed PID. The RBF PI has the weakest performance in lower
wind speeds in pitch angle rate, while The FOPI had the most inferior performance in
higher wind speeds. The FOPI performed 32.3% worse than the baseline PI, by average.
On the other hand, RBF PI has achieved 31.0% worse than the baseline PI, mainly
because there was no trace of u in the cost function.
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Figure 8 (c), depicts that the proposed FOPID has reduced the RMS of the tower fore-
aft moment by 6.0% and 16.3% in comparison to the proposed PID and the baseline PlI,
respectively. The proposed PID, on the other hand, has acted 11.0% batter than the
baseline PI in this survey. However, again in this part, the response of .“e baseline PI
and the RBF PI controllers get better in higher wind speeds. Besides, the pertu, nance of
the RBF Pl and FOPI are respectively 9.9% and 17.3% weaker tFan " 1e baseline PI
controller. Thus, the proposed FOPID controller is more capable nf re. <icing the cyclic
loads to the wind turbine tower in comparison to the other controllers.

Figure 8 (d) demonstrates the RMS of the out-of-plane momer. ~f the blade root, which
directly affects the fatigue damages to the blades. Blades ha' < the must risk of damages,
among other components. Therefore, reducing the vari tions )f this parameter is
essential. It can be seen from Figure 8 (d) that the propr..d Fur1D acts the best among
all controllers. Although in all cases, the proposed FOOP'D i¢ working better than the
proposed PID with the average of 5.9%, the behavio, ~f ti.. oaseline Pl is changing in
different wind speeds in comparison to the propocad PID. The baseline PI controller is
acting 17.1% worse than the proposed FOPID, . hile ¢ proposed PID is performing
12.0% better than the baseline PI, on average !n thic ase, the performance of FOPI is
the best among lower wind speeds, but it gets snghtly worse than the proposed FOPID
at higher wind speeds.

Remark 8: It is noteworthy that compari 'y *he above values to Tables 4 and 5 reveals
that the performance of the contr-''ars aries in the presence of higher wind
perturbation. Although the difference in cnst function between the proposed PID and
FOPID is small in the table, they ~:*fer higher in the test section. In addition, although
the difference between RMS of aenerai r error and control signal in test scenarios are
small, the difference between *.1e Riv:< of loads is much higher. It means that by a slight
reduction in the (25) and e ~n '.eep'ng the (26) near the same as the baseline PI, the
proposed controllers are m ure cay.~'sle of mitigating the loads. Besides, although the aim
of this paper was not tc de.=ase the IAE from the beginning, and IAE was only the
optimization constrair., *he proposed controllers showed a better performance in
reducing the generatc. sp .ed error.

Remark 9: Whil . it seems trivial that by proposing a more sophisticated controller,
better performance 1. ~c"iievable in some control desirables, in reality, the other aspects
of designs mi jht rei »ain neglected. For instance, surely fuzzy controllers have much
more paramete.~ to set (membership functions and rule base), but in spite of better
performar e in regulating the rotor speed, the control signal becomes higher in
compariso. to a simple PI/FOPI controller. Thus, although more advanced controllers
might ..o~~ 1AE, they do not necessarily resolve all the demands [43].

Figure 9 si.~ws the above comparison of five mentioned controllers for an average wind
speed of 17 m/s and gust of 1.5 m/s. Figure 9 (a) depicts 100 seconds of the wind speed
that the simulation is done. Figure 9 (b) demonstrates the performance of five
controllers in generator speed adjustment. As can be seen in time between 60 seconds to
80 seconds, the proposed FOPID and proposed PID were more capable of keeping the
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performance near the desired value (122.9 rad/s) in comparison to the baseline PI, but
the FOPI has the best performance overall in this section. Figure 9 (c) shows the rate of
pitch actuator. Interestingly, unlike the baseline Pl controller, none of the other
controllers have led the actuator to become saturated between 60 second: *n 80 seconds.
Besides, the peak of the rate of pitch angle on the proposed FOPID is less in co mparison
to the other controllers. The figure depicts that the RBF PI and FC I cntrollers have
more fluctuation in their performance. Figure 9 (d) shows the genera.. 1 power. Based
on this figure, the proposed FOPID has superiority against the p,~nosed PID, the
baseline Pl, RBF PI, and FOPI controllers in adjusting the ger...*~d power on its
nominal (5 MWs). Figures 10 (a) and 10 (b) show the tower fo:. -aft moment and out-
of-plane blade root moment of five controllers, respecti\ :ly. It can be seen that the
proposed FOPID reaches the smallest moments and thus, m,“iaatec the mechanical loads
the most.

4.4 Validation via the FAST

In this paper, FAST code is utilized to predict a mre real stic performance of the wind
turbine. This code is a powerful tool, which is ~apa..c of simulating the loads and
control performance of wind turbine if the stre~+"' = _perties, such as blade and tower
configurations, are entirely defined [7, 44]. This .>de cooperates with the aerodynamic
subroutine AeroDyn, which provides a de*anr u analysis of aerodynamics by blade
element momentum theory (BEM) and ¢ nam. " stall [45]. Since the baseline NREL 5-
MW wind turbine is fully defined in FAZ1 */8.0; it is implemented to validate the
control performance in this paper.
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igl e 11 Scheme of implementation of FAST code

Nature always is i ore coni.plicated than our constructed models and simulations. Thus,
to make a better ~ar ipar.son and challenge the robustness, a more detailed model is
implemented. 7i.¢ moucl that is used to derive the parameters (which was discussed in
Section 2) hal many neglected dynamics, such as the side-side movements and the
blades bot* in-p.wie, out-plane deflections and the interaction between blades and
tower. Th 'se defi xctions can affect performance and cause unexpected behavior or even
instability. r.>" cver, with the FAST code, the designer will be able to anticipate many
of this . nc.ance. Although FAST is only a simulator and not a real setup, it makes our
proposed «antroller one more step nearer to a real situation. FAST is also capable of
predicting extreme loads and fatigue damages in different wind speeds [44]. In this
study, the first blades edgewise mode, the first and second blade flapwise modes, the
first and second tower side-to-side and fore-aft mode, the drivetrain flexibility and the
generator DOFs are simulated. Remarkably, FAST is not equipped with a pitch actuator
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model; thus, the same differential equation in (10) is considered for following
simulations.

Figure 11 depicts a schematic block diagram of FAST code in our proprsed method. It
should be noted that many studies have used the FAST to validate the.r re_lts [7, 35,
42]. To show the effectiveness of the proposed method, the cor.iu.'ers (Proposed
PID/FOPID, baseline PI, RBF PI, and FOPI) that were designed for e simplified two-
mass system and tested in the previous section are applied to the FAC™ sin.ulator.
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Figure 12 (a) RMS of generator speed er~~ in FAST. (b) RMS of pitch actuator rate in FAST. (c) RMS
of tower fore-aft moment in FAST (d) RS of the out-of-plane moment of blade root in FAST

Thus, in this section, the cc trc.lers will be faced with some unmodeled dynamics as
well as the wind fluctuatir as. Tri. wind models are precisely the same as wind profiles
in Subsection 4.3 and e e ¢, ~ated via Kaimal wind model [41]. The same criteria of
Subsection 4.3 are usru 1 part as well: The RMS of generator speed error, RMS of
pitch angle rate and R*4S of tower root and out of plane blade root moments.

Figure 12 compa’ s t'ie parformance of five controllers in different aspects. Figure 12
(a), shows the RMS L€ t' e generator speed error of five controllers. It is observed that in
all of the case s, the “OPI has the best control performance. The proposed FOPID has
19.3% and 6.6+ het’er performance in comparison to the baseline PI and the proposed
PID, respr ctivel, However, the proposed PID has acted 13.6% better than the baseline
Pl. The R>F P) controller has performed 18.7% better than the baseline PI, but its
perfori ««..2" ‘vas slightly weaker than the proposed FOPID on average. Besides, FOPI
has show.'« 10.6% better than the proposed FOPID. As it is seen in this part, the
difference vetween the IAE of five controllers is increased in comparison to the
previous subsection.

Figure 12 (b), compares the actuator rate among five controllers. Like what it is
observed in the two-mass model, the performance of baseline Pl and the RBF PI
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improve as the wind speed rises. However, the difference between rates of pitch
actuator is more sensible in the FAST model. In many cases, the proposed FOPID
showed less actuator rate in comparison to the proposed PID, which is 7.2%, on
average. However, the proposed FOPID shows 22.4% less actuator rat. in contrast to
the baseline PI controller. On the other hand, the proposed PID has a 1c 7% less
actuator rate than the baseline PI controller. Like the previous sect’un, he pitch angle
rate in FOPI is the worst in higher wind speeds, and it is worked ?5.4. - worse than the
baseline PI controller. Besides, RBF PI has performed 19.8% wrse “han the baseline
PI. Figures 12 (a) and 12 (b) demonstrate that the proposed FO™“ID ... *2ved to the least
RMS of the generator speed error and actuator rate.

Figure 12 (c) shows the RMS of the tower root moments. 1 1is figt re depicts that, as the
wind rises, the performance of the baseline Pl and the F.CF i controller get better. By
average, the proposed FOPID reduces the moment v 3.9 6 in comparison to the
proposed PID. On the other hand, the proposed FOP\> ha. ucted 13.3% better than the
baseline Pl controller. Besides, the proposed PIN has \'orked 9.8% better than the
baseline PI. The performance of FOPI is 17.2% v. ~rse .. the baseline P1. On the other
hand, the RBF PI controller has performed almn~er 70 worse than the baseline PI
controller.

Figure 12 (d) demonstrates the difference of .~ .trollers for the out-of-plane moment of
the blade root. It is shown that the proposcu =O:’ID has superiority in all cases over the
other controllers. RMS of the out-c* ~lane moment of blade root for the proposed
FOPID is 7.4% better than the proposed .>'D), whereas it has 19.7% better performance
in comparison to baseline Pl. The ;zvaposed PID has also acted 13.6% better than the

baseline PI controller. The RBF 21 and -~OPI controllers have performed just 2.6% and
4.8% better than the baseline Fi, respo7uavely.

Figure 13, depicts loads ard p. for nances for one of the wind profile cases. Figure 13
(@) shows 100 seconds v 17 m/s wind speed with a standard deviation of 1.5 m/s.
Figure 13 (b), demonstrates u.e errors of the baseline PI, the proposed PID, the
proposed FOPID, RP~ P, and FOPI controllers. As it is seen in the figure, the FOPI
has slightly better r2rfoi.»ance in speed regulation. The difference is more vivid in the
times between 60 sec’.nds to 80 seconds. Figure 13 (c) depicts the rate of pitch angle in
five controllers. In v ,urvey, a small superiority in the proposed FOPID against the
proposed PID is obse ved. Although four out of five controllers have led the actuator to
its limits, it is ~how 1 that the proposed PID and proposed FOPID have reached the
nominal v «ues cnoner. Although the plant with FOPI is not saturated, the fluctuation in
its operaticn is rwuch more. Figure 13 (d) shows the generated power. Based on this
figure, ..z nroposed FOPID has got superiority against the proposed PID and the
baseline .. controllers in adjusting the generated power. Figures 14 (a) and 14 (b) show
that the amplitudes of tower fore-aft and the blade out of the plane moment in the
proposed FOPID, the proposed PID, the baseline PI, the RBF PI, and the FOPI. From
Figures 14 (a) and 14 (b), it can be seen that the proposed FOPID is able to mitigate the
mechanical load most effectively since it can decrease the tower and blade moments, the
most.
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Using the FAST simulator, it can be seen that not only the proposed method is robust
enough to tolerate more real conditions, but also the performance that is achieved in the
previous subsection remains, relatively.

Remark 10: For more clarification, Figure 15 depicts the overall desi¢n pi.-ess of the
proposed method as a flowchart. It should be noted that the optimiza’sur (using chaotic
DE) and training of neural network are offline procedures. Then, *h- trained neural
network is used (without any online optimization) to tune the ~arai.ieters of the
fractional-order PID controller making a gain-schedulinc 1 actional-order PID
controller.
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Figure 13 The performance of five controllers in a wind speed of 17 m/s with a standard deviation of 1.5
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The generated power
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5 Conclusion

In this study, an RBF based fractional-order PID (FOPID) has been applied to control
the pitch angle conc'.rnir 3 mitigation of mechanical loads. To train the RBF neural
network, a dataset »f op.*mal gains and orders is provided for several wind speeds by
solving a suitabl, or.dmf‘zation problem using chaotic differential evolution (CDE)
algorithm. Since by ha".ging the direction of the force vector on blades, the pitch angle
rate has a sig'ifican. effect on the loads. Thus, the cost function for this optimization
problem has be™n cr isidered the rate of the control signal. Meanwhile, to maintain the
performar ce, a ~onstraint on error has been defined. To compare the performance a
simplified “wo-m ass model has been used with different wind speeds and fluctuations.
The si...'~tian has shown that a better performance is achievable in the proposed
FOPID, . mparing to the other controllers. In the second scenario, the controllers,
which have been designed for the simplified model, have been tested on a more realistic
standard simulator called FAST. It has been shown that in many cases the proposed
FOPID has reached better performance and robustness with less actuator rate, in
comparison to the other controllers. Besides, it was observed that the proposed FOPID
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controller is more capable of alleviating mechanical loads in comparison to the same
structure PID, the baseline PI controllers, the RBF PI, and the FOPI.

For future research, since many possible faults can easily affect the wind turbine
operation, such as blade damages, actuator failures or natural accider.” such as bird
strike a study on the fault tolerance characteristics of the proposed con.ollers is
suggested. One other suggestion is to do the same framework, wit'c a nulti-objective
optimization instead of the single-objective. Meanwhile, more parame. s can be taken
into accounts, such as direct consideration of blades and tower merhai..~al loads.
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