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ABSTRACT A reinforcement learning-based adaptive optimal fuzzy controller is proposed for maximum
power point tracking (MPPT) control of a variable-speed permanent magnet synchronous generator-based
wind energy generation system. The algorithm consists of a critic, an adaptive optimal fuzzy controller, and
an adaptive optimal fuzzy estimator. The critic is built based on an adaptive neuro-fuzzy inference system
(ANFIS) network instead of the neural network as normal to reduce the computation. The error between
the system output and the estimator output is used as the input of the critic. In addition, the critic is used to
calculate the update law for the parameters of the adaptive optimal fuzzy controller and adaptive optimal
fuzzy estimator based on minimizing the input error function. Moreover, the proposed control scheme
is output feedback instead of state feedback, which does not require a system model as well as system
parameters, so the system is robust to uncertainties and external disturbances. Besides, the stabilization proof
is accomplished by using the Lyapunov stability theorem for the closed-loop system and the convergence
of the update law. Finally, the effectiveness of the proposed reinforcement learning-based adaptive optimal
fuzzy control scheme is verified through simulation with various scenarios such as step wind speed, random
wind speed, and system parameter variations. Also, the comparisons with other control schemes in the state-
of-art (neural network reinforcement learning based adaptive optimal fuzzy controller, PI controller) are
executed to demonstrate the advantages of the proposed control scheme.

17

18

INDEX TERMS Adaptive, fuzzy logic, optimal, MPPT, permanent magnet synchronous generator, rein-
forcement learning, wind turbine.

I. INTRODUCTION19

Nowadays, among fuel sources, wind energy has become20

an attractive and competitive clean renewable energy source21

because of its reliable operation and sustainable development22

[1], [2]. A wind energy conversion system (WECS) is a com-23

bination of aerodynamic, mechanical, and electrical compo-24

nents, so its operationmainly depends on considerable factors25

such as the type of generator, the wind speed, the installed26

location, etc. In these factors, the wind speed changes dur-27

ing the working period while other elements are determined28

carefully in the design and construction processes. In terms29

of wind speed variation, the main operation of the WECS30

The associate editor coordinating the review of this manuscript and

approving it for publication was Zhong Wu .

is divided into two modes: maximum power point tracking 31

(MPPT) mode in the region below the rated speed [3] and 32

output power limitation mode in the region above the rated 33

speed [2]. For above the rated wind speed operation region, 34

the pitch angle controllers are used to limit the rotor speed to 35

the rated value [4]. Meanwhile, below the rated speed region, 36

the efficiency of the system depends on the working point that 37

is controlled to track the maximum power point (MPP) in the 38

power-speed curves [2]. 39

Over the last years, many researchers have focused on 40

developing advanced algorithms for MPPT control. Most 41

MPPT control methods typically include two phases: the 42

first is the MPP searching process, and the second is the 43

control of the working point to follow this MPP. In particular, 44

due to system nonlinearities, system parameter uncertainties, 45
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and the influences of external disturbances (e.g., mechanical46

torque), the controller design for the machine side inverter is47

challenged in the second phase. To cope with these problems,48

numerous control strategies have been introduced such as49

PI control [5], sliding mode control (SMC) [6], [7], [8],50

[9], adaptive control [10], [11], and model predictive control51

(MPC) [12]. In [5], a PI controller is employed for the52

current control loop of the multi-motor wind turbine system.53

However, this PI controller cannot ensure good performance54

under condition variations due to the nonlinearity of WEGS55

and the affection of the environment (e.g., wind speed, air56

density). Next, SMC is considered as the nonlinear control57

technique used to deal with the parametric uncertainties and58

disturbances of WECS for the MPPT control. In [6] and [7],59

the high-order SMCs are applied to improve the performance60

of the WECS by reducing the chattering phenomenon with61

the continuous control input. However, the fluctuation of the62

output voltage and power is still high [7]. In [8], an enhanced63

reaching law-based SMCmethod is introduced for the MPPT64

control of offshore WECS, which consists of two loops: the65

current control loop with a conventional PI controller and66

the speed control loop with a finite time reaching SMC,67

and a mechanical torque observer. This control strategy68

significantly improves the ability of the WEGS to resist69

uncertainties and disturbances. In [9], a fixed-time fractional-70

order SMC is designed for both rotor side converter (RSC)71

and grid side converter (GSC) to improve the power quality of72

the PMSG wind turbine system. In this strategy, the friction-73

order expresses the controller in the continuous form while74

finite time stability guarantees that the system is stable within75

a given time. In parallel with sliding mode control, adaptive76

control is also a favorite strategy to deal with uncertainties77

and disturbances. In [10] and [11], the PMSG-based wind78

turbine system is controlled by a nonlinear adaptive con-79

trol technique. The nonlinearities, the uncertainties, and the80

external disturbances are estimated by a high-gain observer81

then they are compensated to provide better performances82

for the system. The simulation and experimental results of83

this proposed controller are compared with other different84

observer-based control methods as well as other conventional85

vector control methods to verify the effectiveness. In [12],86

an MPC scheme is presented for PMSG-based WECS to87

obtain a fast dynamic response time in case of overmodu-88

lation. However, the steady-state error issue can exist in the89

normal modulation when the effort in reducing the sampling90

frequency is carried out.91

Recently, the learning control methods such as fuzzy92

logic, neural network, or reinforcement learning (RL) become93

active solutions to handle the problems of nonlinear and94

uncertain systems [13], [14], [15], [16]. In [13] and [14],95

fuzzy wavelet networks are utilized for nonlinear dynamic96

systems. These algorithms guarantee predefined perfor-97

mances and reject the requirement of system dynamics. How-98

ever, the optimal performance indexes are not mentioned in99

these works. A single-network adaptive critic fuzzy optimal100

tracking control is introduced for hypersonic flight vehicles101

in [15]. In this scheme, the unknown functions are approx- 102

imated by fuzzy networks and the critic is estimated by an 103

adaptive law. The optimal controller in this work is obtained 104

by solving the Hamilton–Jacobi–Bellman (HJB) equation so 105

the dynamic model should be partially known. Another adap- 106

tive optimal fuzzy control algorithm based on RL is addressed 107

in [16] for nonlinear uncertain systems. In this control 108

scheme, the critic is approximated by a neural network while 109

the actor is built from the Takagi-Sugeno (TS) fuzzy system. 110

The requirement of a dynamic model is removed; however, 111

the computation burden of the neural network is heavy. 112

In the field of WECS, the control schemes based on 113

learning techniques are also widely popular [17], [18], [19], 114

[20], [21], [22], [23], [24], [25]. These intelligent method- 115

ologies can be applied for wind speed estimation [17], [18], 116

MPP searching algorithms [19], [20], or MPP tracking meth- 117

ods [21], [22], [23], [24], [25]. In the MPP tracking category, 118

the nonlinearities in the dynamic model and disturbances 119

are identified by the fuzzy logic system then they are com- 120

pensated by the adaptive fuzzy controller [21] or sliding 121

mode controller [22]. In [23], the current loop is controlled 122

directly by a fuzzy logic controller with input tracking errors 123

to overcome the disadvantages of the PI controller. The fuzzy 124

logic technique is also employed in [24] to calculate the elec- 125

tromagnetic torque for current loop control using the error of 126

mechanical speed and the change of this error as the inputs. 127

This control structure enhances the performance of the WT 128

under oscillation wind speed and guaranteed efficient and 129

reliable grid integration of the wind turbine. In [25], adaptive 130

dynamic programming (ADP) is employed for the MPPT 131

control scheme of a WECS. Firstly, the dynamic model of 132

the system is reconstructed to the data-driven model by the 133

recurrent neural network using available input-output data 134

then the adaptive optimal controller is designed based on 135

the ADP technique. This configuration stabilizes the working 136

point of the system near the optimal point; also, the dynamic 137

responses and the robustness of the system are enhanced 138

significantly. 139

All the above strategies are presented to face the chal- 140

lenges of the MPPT control for wind turbine systems such as 141

nonlinearities, uncertainties, and disturbances by introducing 142

suitable techniques. However, most of the introduced algo- 143

rithms are state feedback controllers that need a dynamic 144

model of the system as well as the complete measurement. 145

Moreover, the mentioned methods just focus on improving 146

the dynamic responses and reducing steady-state error for 147

wind turbine systems, while the optimal performance is not 148

investigated. In this paper, an RL-based adaptive optimal 149

fuzzy control method for MPPT control of a PMSG-based 150

WECS is introduced. The proposed control system is com- 151

posed of the critic, the adaptive optimal fuzzy controller, and 152

the adaptive optimal fuzzy estimator. First, the critic is formed 153

based on the ANFIS technique with a hybrid update rule to 154

lower the computation and storage capacity as compared to 155

the neural network-based critic. Next, the adaptive optimal 156

fuzzy controller and the adaptive optimal fuzzy estimator 157
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are established by using the T-S fuzzy system. Besides, the158

parameters of both adaptive optimal fuzzy controller and159

adaptive optimal fuzzy estimator are updated by the critic160

which is subjected tominimizing the input error function. The161

stability of the overall system and the convergence of updated162

parameters are proven by using the Lyapunov stable theory.163

The advantages of the proposed control scheme are listed as164

the following:165

- Unlike the existing control algorithm for MPPT control166

of WECS [5], [6], [7], [8], [9], [10], [11], [12] and [21],167

[22], [23], [24], [25], the proposed controller is output168

feedback and does not use the system dynamic model as169

well as system parameters. Also, the requirement for a170

mechanical torque observer is omitted.171

- In comparison with [13], [14], this proposed control172

scheme guarantees optimal performance along with the173

static and transient responses.174

- The fuzzy optimal tracking control developed in [15] is175

limited to affine systems. Meanwhile, the newly devel-176

oped controller in this study is capable of handling non-177

affine systems.178

The effectiveness of the proposed RL-based adaptive opti-179

mal fuzzy control scheme is validated by simulation results in180

MATLAB/Simulink on a 5-kW PMSG-based WECS using181

the direct-drive configuration with a back-to-back (BTB)182

converter. Various scenarios are investigated to illustrate the183

efficacy of the proposed method such as the step wind speed,184

random wind speed, nominal system parameters, and varying185

system parameters. In each scenario, the dynamic responses186

of the proposed control system are compared with the ones of187

the neural network RL-based adaptive optimal fuzzy system188

and the PI control system.189

II. SYSTEM MODELING190

In this paper, a direct-drive PMSG-based WECS configura-191

tion is used to investigate the proposed control method. The192

electric power produced by the PMSG is transferred to the193

grid through a BTB structure which includes a machine-side194

converter (MSC) and a grid-side converter (GSC). The MSC195

is controlled by appropriate duty cycles to extract the max-196

imum power based on an MPPT algorithm when the wind197

speed is lower than the rated speed, or to limit the maximum198

extracted power at the rated value for speeds above the rated199

speed. Besides, the GSC is controlled to regulate the active200

and reactive power of the grid-connected WECS via a direct-201

current (DC) link regulator or satisfy the requirements about202

quality of voltage of the distribution feeders [26]. Within203

this context, the proposed method focuses on controlling the204

MSC to achieve the MPPT control capability, while assum-205

ing that another controller is adopted for the GSC control.206

Figure 1 shows the typical configuration of a direct-drive207

PMSG-based WECS using the BTB-connected.208

A. WIND TURBINE AERODYNAMIC MODEL209

In a practical WECS, the mechanical power that a210

wind turbine extracted from the wind is represented211

FIGURE 1. Configuration of direct-drive PMSG-based WECS using
BTB-connected.

FIGURE 2. Wind turbine power-rotor speed characteristic curves for
different wind speeds.

as the following [3]: 212

Pm =
1
2
πρR2V 3Cp(λ, β) (1) 213

where Pm is the mechanical power (in Watts), ρ is the air 214

density (in kg/m3), R is the radius of the turbine blade (in m), 215

V is the wind speed (in m/s), and Cp is the power coefficient 216

which is identified by the tip speed ratio λ and the blade pitch 217

angle β. It is noted that the pitch angle β of the blades is 218

always constant during theMPPT control process in the event 219

of the wind speed being below the rated value. The value of 220

Cp is calculated as the following [24]: 221

Cp = 0.5176(116/λt − 0.4β − 5)e−21/λt + 0.0068λ (2) 222

in which: 223

1
λt
=

1
λ+ 0.08β

−
0.035
β3 + 1

, (3) 224

λ =
ωtR
V
, (4) 225

where ωt is rotor speed. 226

Fig. 2 shows the typical wind turbine power-rotor speed 227

characteristic curves for different wind speeds. At each value 228

of wind speed, the extracted mechanical power is maximized 229

by controlling the rotational speed of the generator at the 230

optimal value [24]: 231

ωopt =
V
R
λopt (5) 232

where λopt depends on each certain wind turbine and is given 233

by themanufacturer. This is the principle of theMPPT control 234

algorithm in this work. 235

B. PERMANENT MAGNET SYNCHRONOUS GENERATOR 236

MODEL 237

In this paper, the surface-mounted PMSG is adopted because 238

of the uniform air gap and high power density due to the 239
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greater flux linkage between the permanent magnets and240

the stator windings. The mathematic model of PMSG in the241

dq-reference frame is expressed as the following [3]:242 

dωr
dt
=

1
J
(Tm − Bωr − Te)

diq
dt
=
−Rs
Ls

iq − pnωr id −
ψmpn
Ls

ωr +
1
Ls
vq

did
dt
=
−Rs
Ls

id + pnωr iq +
1
Ls
vd

(6)243

where ωr is the rotor speed of PMSG, Tm is the mechanical244

torque of the wind turbine; Te is the electromagnetic torque of245

PMSG; id and iq are d-axis and q-axis currents, respectively;246

Ls is the stator inductance; Rs is the stator resistance; pn is the247

number of pole pairs; ψm is the magnet flux linkage; J is the248

equivalent rotor inertia; B is the equivalent viscous friction249

coefficient. The electromagnetic torque can be calculated by250

the following equation:251

Te =
3
2
ψmpniq (7)252

It should be noted that the direct-drive PMSG-based253

WECS configuration is adopted in this study. Thus, the254

turbine rotating speed (ωt ) is the same as the rotor255

speed (ωr ) [27].256

III. REINFORCEMENT LEARNING BASED ADAPTIVE257

OPTIMAL FUZZY CONTROLLER DESIGN258

Equation (6) can use the defined state variable vector259

x = [x1x2x3]T to establish the new error dynamics, where260

x1 = ωr − ωref ; x2 = iq− iqref ; x3 = id− idref . In which261

ωref = ωopt is the desired rotor speed, iqref = 2
3

1
pnψm

(Tm −262

Bωref − J dωrefdt ) is q-axis desired current, and idref = 0 is263

d-axis desired current.264

It is noted that when the system works at the optimal point265

we have:266

Tm = T optm =
1
2
ρπR5

Cmax
p

λ3opt
ω2
opt = Koptω2

opt (8)267

Then268

iqref =
2
3

1
pnψm

(
Koptω2

ref
− Bωref − J

dωref
dt

)
(9)269

The time derivative of x using (6) is obtained by the270

following:271

ẋ =

 ẋ1ẋ2
ẋ3

272

=


1
J
(Tm − Bωr − Te)− ω̇ref

−
Rs
Ls
iq − pnωr id −

ψmpn
Ls

ωr − i̇qref +
1
Ls
vq

−
Rs
Ls
id + pnωr iq − i̇dref +

1
Ls
vd

.273

(10)274

FIGURE 3. Block diagram of the proposed algorithm.

Dynamic model (10) can be rewritten as: 275

ẋ = f (x, u) 276

y = Cx (11) 277

where 278

f (x, u) =


1
J
(Tm − Bωr − Te)− ω̇ref

−
Rs
Ls
iq − pnωr id −

ψmpn
Ls

ωr − i̇qref +
1
Ls
vq

−
Rs
Ls
id + pnωr iq − i̇dref +

1
Ls
vd

; 279

u =
[
vq
vd

]
; C =

[
1 0 0
0 1 0

]
(12) 280

In this section, an adaptive optimal controller based on 281

reinforcement learning is proposed for the system (11). The 282

process of designing consists of the following steps: 283

- Step 1: Design the system model estimator and system 284

controller using the T-S fuzzy technique. 285

- Step 2: Critic network design based on ANFIS tech- 286

nique. 287

- Step 3: Update the parameters of the fuzzy estimator and 288

fuzzy controller based on the optimal rule. 289

The block diagram of the proposed scheme is presented in 290

Fig. 3. 291

A. T-S FUZZY CONTROLLER AND ESTIMATOR 292

In this section, the model of the system will be identified by 293

fuzzy technique for each local working point. For each local 294

model, a local controller is designed based on this estimated 295

model. Finally, the global model and controller are achieved 296

by the Weighted Average defuzzification. 297

The jth rule for estimator and controller has the following 298

form [28]: 299

Rj: IF y(k) is Y
j
1 and y(k − 1) is Y j2 THEN 300

ŷj (k + 1) 301

=

[
ŷj1 (k + 1)
ŷj2 (k + 1)

]
302
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=


aj11 (k) y1 (k)+ a

j
12 (k) y1 (k − 1)

+ bj11 (k) u1 (k)+ b
j
12 (k) u1 (k − 1)

aj21 (k) y2 (k)+ a
j
22 (k) y2 (k − 1)

+ bj21 (k) u2 (k)+ b
j
22 (k) u2 (k − 1)

 (13)303

uj (k)304

=

[
uj1 (k)
uj2 (k)

]
305

=


−

1
bj11(k)

(
aj11 (k) y1 (k)+ a

j
12 (k) y1 (k − 1)

+ bj12 (k) u1 (k − 1)
)

−
1

bj21(k)

(
aj21 (k) y1 (k)+ a

j
22 (k) y1 (k − 1)

+ bj22 (k) u2 (k − 1)
)

306

(14)307

where aj(k) = [aj11(k), aj12(k), aj21(k), aj22(k)]
T and308

bj(k) = [bj11(k), bj12(k), bj21(k), bj22(k)]
T are parameters309

that will be updated after each step.310

The global output of the estimator and controller obtained311

from local rules usingWeightedAverage defuzzification have312

the following form:313

y (x(k)| δ) =
N∑
j=1

hj(k)� ŷj(k) (15)314

u(k) =
N∑
j=1

hj(k)� uj(k) (16)315

where N is the number of rules, � is the Hadamard product,316

hj(k) =
[
hj1(k) hj2(k)

]T
317

=

[
µ
j
1(k)∑N

j=1 µ
j
1(k)

µ
j
2(k)∑N

j=1 µ
j
2(k)

]T
(17)318

in which µji(k) (i = 1, 2; j = 1, 2, . . . ,N ) is the membership319

function corresponding with the rule jth,320

µj(k) =

[
µ
j
1
µ
j
2

]
321

=



exp

−1
2

(
y1(k)− c

j
11(k)

σ
j
11 (k)

)2


exp

−1
2

(
y1(k − 1)− cj12(k)

σ
j
12(k)

)2


exp

−1
2

(
y2(k)− c

j
21(k)

σ
j
21(k)

)2


exp

−1
2

(
y2(k − 1)− cj22(k)

σ
j
22(k)

)2




,322

(18)323

δ = {aj, bj, cj, σ j} is the set of system parameters.324

FIGURE 4. Structure of the Critic network.

B. THE CRITIC NETWORK DESIGN 325

In this work, the Critic network is designed based on an adap- 326

tive neuro-fuzzy inference system (ANFIS). The structure of 327

the Critic network is illustrated in Fig. 4. 328

The input of the Critic network is the error function which 329

is defined as the following: 330

E(k) = ‖e(k)‖ (19) 331

where e(k) is the error between the outputs of the system and 332

the fuzzy estimator. 333

The output V (k) of the Critic network is used to approxi- 334

mate the value: 335

V (k − 1) = r(k)+ αV (k) (20) 336

where α ∈ (0, 1) is the discount factor, r(k) is the reward at 337

the iteration k . The reward function is defined by the designer 338

and depends on the specific problem. In this work, the rework 339

function is defined as the following: 340

r(k) =

{
0 if E(k) ≤ ε
1 others

(21) 341

in which ε is the small enough scalar. 342

The output of the Critic network is the approximated value 343

function which is determined as follows: 344

V (k) =
N∑
j=1

mj (k)V j (k) (22) 345

wheremj(k) = l j(k)
/∑N

j−1 l
j(k) in which l j(k) ( j = 1, 2, . . . , 346

N ) is themembership function which is chosen as bell-shaped 347

function: 348

l j(k) = exp

(
−

(
E(k)− pj

qj

)2)
. (23) 349

The value function of each rule is approximated as: 350

V j(k) = t j(k)+ sj(k)E(k) (24) 351

In equations (23) and (24), {pj, qj} and {t j, sj} are ANFIS 352

parameter sets that will be updated online during the training 353

process by using the Hybrid Learning Rule (HLB) in two 354

phases: 355
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- In the forward phase: consequent parameters {t j, sj} are356

updated based on the Least Squares method [29]. The357

updating formula has the following form:358 
ζ (k+1) = ζ (k)

+ ν(k+1)d(k+1)
(
gT (k+1)− dT (k+1)ζ (k)

)
ν(k+1) =

1
λ

[
ν(k)−

ν(k)d(k+1)dT (k+1)ν(k)
λ+dT (k+1)ν(k)d(k+1)

]359

(25)360

where ζ (k) = [t j(k) sj(k)]T , g(k) is desired out-361

put vector, λ ∈ (0, 1) is a scalar, and d(k) =362

[mj(k) mj(k)E(k)]T .363

- In the backward phase: premise parameters ρj = {pj, qj}364

are updated by the following rule:365

ρj(k + 1) = ρj(k)+ η1
v1ec(k)
2v2

∂ec(k)
∂ρj(k)

(26)366

where v1 and v2 are positive scalars, η1 is the learning367

rate, and ec(k) is the prediction error of the critic net-368

work. The ec(k) is defined as follows:369

ec(k) = V (k − 1)− r(k)− αV (k). (27)370

Remark 1: In comparison with the neural network-based371

adaptive critic, the proposed ANFIS-based critic significantly372

reduces the computation and storage. Thoroughly, in [16],373

a feedforward neural network with a hidden layer of 20 neu-374

rons is addressed to deal with the nonlinear optimal problems.375

More specifically, this neural network has 40 scalars that376

need updating: 20 parameters for the weight of the output377

layer and 20 parameters for the weight of the hidden layer.378

Meanwhile, to build the ANFIS network, we only need to379

update 12 parameters: 6 premise parameters {pm, qm},m = 1,380

2, 3 in the first layer and 6 consequent parameters {tm, sm},381

m = 1, 2, 3 in the fourth layer. That is why the proposed382

ANFIS network reduces the computational cost.383

C. CONTROLLER AND ESTIMATOR PARAMETERS UPDATE384

The parameters of two T-S fuzzy systems are updated based385

on the principle that minimizes the error function:386

Ea =
1
2
e2a (28)387

where ea is the error between the output of approximation and388

its desired value.389

ea(k) = V (k)− V ∗(k) (29)390

In this work, the desired value V ∗(k) = 0.391

The update law of the system parameter set is given by the392

following:393

δj(k + 1) = δj(k)+ η2
v1ea(k)
2v2

∂ea(k)
∂δj(k)

(30)394

The stability of the system as well as the convergence of395

the updated parameters are provided in the next section.396

Remark 2: The action component (i.e., the controller) of397

the algorithm which is based on reinforcement learning is398

obtained by solving the HJB equation [15] so the system 399

model is partially known. Thoroughly, with the given system 400

ẋ = f (x) + g(x)u, the adaptive optimal controller has the 401

formula u = − 1
2R
−1g(x) ∂V

∂x where R is the positive definite 402

matrix, and V is the value function which is approximated by 403

the critic network. This means that the g(x) component should 404

be known. In our work, the dynamic model is considered in 405

the general nonaffine form as (11), the controller is addressed 406

by the T-S fuzzy controller (14) and the parameters are opti- 407

mized by solving (28); therefore, the dynamic model is not 408

required in this work. 409

D. STABILITY ANALYSIS 410

Define general variables δg = {aj, bj, cj, σ j, pj, qj}, eg = 411

{ec, ea}, ηg = {η1, η2}. Using this definition, the update 412

laws (26) and (30) are rewritten in the following general form: 413

δg(k + 1) = δg(k)+ ηg
v1eg(k)
2v2

∂eg(k)
∂δg(k)

. (31) 414

Choose the Lyapunov function as follows: 415

L(k) =
v1
2
(eg(k))2 +

v2
2

∥∥1δg(k)∥∥2 . (32) 416

The time derivative of the Lyapunov function has the fol- 417

lowing formula: 418

1L(k) =
v1
2
1(eg(k))2 +

v2
2
1
∥∥1δg(k)∥∥2 . (33) 419

Each component in equation (33) is analyzed as the follow- 420

ing 421

v1
2
1(eg(k))2 =

v1
2
(eg(k + 1))2 −

v1
2
(eg(k))2. (34) 422

Using Taylor series expansion [30] for the first term of (34), 423

the following is obtained: 424

v1
2
(eg(k + 1))2 =

v1
2
(eg(k))2 +

∂
( v1
2 (eg(k))

2
)

∂δg(k)
1δg(k) 425

+HOC (35) 426

where the symbol ‘‘HOC’’ represents the higher-order com- 427

ponents which can be omitted. 428

Also, applying Taylor series expansion for eg(k + 1), the 429

following result is obtained: 430

eg (k + 1) = eg (k)+
∂eg (k)
∂δg (k)

1δg (k) (36) 431

or 432

∂eg(k)
∂δg(k)

1δg(k) = eg(k + 1)− eg(k) = 1eg(k). (37) 433

Replace (35) and (37) into (34) yields: 434

v1
2
1(eg(k))2 = v1ec(k)1ec(k). (38) 435

Similarly, the second component of (33) is shortened as the 436

following: 437

v2
2
1
(
‖1ρ(k)‖2

)
= v2 ‖1ρ(k)‖2 . (39) 438
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Substituting (38) and (39) into (33), the derivative of the439

Lyapunov function is obtained as:440

1L(k) = v1eg(k)1eg(k)+ v2
∥∥1δg(k)∥∥2 . (40)441

Equation (40) can be rewritten as:442

v2
∥∥1δg(k)∥∥2 + v1ec(k) 1ec(k)∥∥1δg(k)∥∥ ∥∥1δg(k)∥∥−1L(k) = 0.443

(41)444

Equation (41) is the second-order equation of
∥∥1δg(k)∥∥.445

This equation has a unique solution if the following is446

satisfied:447

v21

(
eg(k)

1eg(k)
‖1ρ(k)‖

)2

+ 4v21L(k) = 0. (42)448

Equation (42) leads to the following result:449

1L(k) = −
v21
4v2

(
eg(k)

1eg(k)
‖1ρ(k)‖

)2

≤ 0. (43)450

Inequation (43) implies that the closed system is stable,451

and the estimation errors converge to zero according to the452

Lyapunov theorem.453

IV. SIMULATION RESULT AND DISCUSSION454

In this section, the correctness and feasibility of the proposed455

adaptive optimal control scheme are verified through Mat-456

lab/Simulink. The parameters of the wind turbine and PMSG457

are given in Table 1 [3].458

TABLE 1. PMSG and wind turbine nominal parameters.

The validation of the proposed control algorithm is exe-459

cuted under various conditions such as step wind speed, ran-460

dom wind speed, nominal system parameters, and uncertain461

system parameters. Also, in each condition, the performances462

of the proposed ANFIS-based reinforcement learning adap-463

tive optimal fuzzy control scheme (ANFIS-RL) are compared464

with PI controller and neural network-based reinforcement465

learning adaptive optimal fuzzy control scheme (NN-RL).466

The configuration of the neural network for the neural467

network-based reinforcement learning control scheme is as468

the following:469

- The number of layers: three layers (input layer, hidden470

layer, output layer).471

FIGURE 5. Step wind speed.

FIGURE 6. Comparative results of power coefficient with a random wind
speed of three controllers. (a) Nominal parameters. (b) Variation
parameters (i.e., +50% variations of Rs, Ls, B, J , ψm).

- The number of neurons: 1 for the input layer, 20 for the 472

hidden layer, and 1 for the output layer. 473

- The active function: tansig function. 474

A. STEP WIND SPEED 475

The profile of wind speed is given in Fig. 5 whereas the wind 476

speed is steeply changed in the range of 7−10m/s. The simu- 477

lation results for the step wind speed condition are presented 478

in Figs. 6−8. In each figure, the response of the proposed 479

ANFIS-based reinforcement learning (ANFIS-RL) control 480

scheme, NN-based reinforcement learning (NN-RL) control 481

scheme, and PI control scheme are compared in both nominal 482

parameter and varying parameters (i.e., +50% variations of 483

Rs, Ls, B, J , ψm) conditions. 484

In the case of nominal parameters, the steady-state perfor- 485

mances of the three controllers are almost the same for power 486

coefficient response, mechanical response, and rotor speed 487

response. Thoroughly, in Fig. 6(a), the power coefficient 488

response of the three control schemes has the same value 489

as the ideal power coefficient (0.49) at a steady- state. Also, 490

in Figs.7(a) and 8(a), the difference in response of the three 491
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FIGURE 7. Comparative results of mechanical power with a step wind
speed of three controllers. (a) Nominal parameters. (b) Variation
parameters (i.e., +50% variations of Rs, Ls, B, J , ψm).

FIGURE 8. Comparative results of rotor speed with a random wind speed
of three controllers. (a) Nominal parameters. (b) Variation parameters
(i.e., +50% variations of Rs, Ls, B, J , ψm).

controllers is not countable even though the wind speed492

changes. However, the transient responses of the proposed493

ANFIS-based reinforcement controller, the NN- based rein-494

forcement controller, and the PI controller are much different.495

In Figs. 6(a) and 7(a), the transient time of the presented496

ANFIS-RL controller is about 0.02s, meanwhile, the tran-497

sient response of the NN-RL controller and PI controller is498

about 0.1s. Moreover, the NN-RL controller response has499

FIGURE 9. Random wind speed.

FIGURE 10. Comparative results of power coefficient with a random wind
speed of three controllers. (a) Nominal parameters. (b) Variation
parameters (i.e., +50% variations of Rs, Ls, B, J , ψm).

the highest undershoot (about 22.5% for ANFIS-RL and PI 500

controllers, about 25% for NN-RL controller). In Fig. 8(a), 501

the transient time of the ANFIS-RL control scheme is 0.05s 502

and the response has no overshoot, however, the response 503

time of the NN-RL and PI control schemes is much slower 504

(0.35s) and the response of the PI controller has overshoot of 505

about 7.5%. 506

For the system parameters change case, the simulation 507

results are depicted in Figs. 6(b)−8(b). Similar to the case of 508

nominal parameters, the introduced ANFIS-RL control algo- 509

rithm has the best responses in both transient and steady states 510

with the fastest response time (about 0.05s), no overshoot, and 511

zero steady-state error. The response of the NN-RL controller 512

is still goodwith no overshoot, and zero steady-state error, but 513

the transient time is longer (0.2s for power coefficient and 514

mechanical power responses, 0.4s for rotor speed response). 515

The response of the PI controller is worst when the system 516

parameters increase by 50%, i.e., the transient responses of 517

all variables are fluctuation, high overshoot (about 10% in 518

Fig. 6(b), and long transient time (0.35s in Figs. 7(b) and 0.6s 519

in Fig. 8(b). 520

B. RANDOM WIND SPEED 521

The profile of random wind speed tested in this work is 522

shown in Fig. 9, the dynamic responses of the WECS 523
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FIGURE 11. Comparative results of mechanical power with a random
wind speed of three controllers. (a) Nominal parameters. (b) Variation
parameters (i.e., +50% variations of Rs, Ls, B, J , ψm).

FIGURE 12. Comparative results of rotor speed with a random wind
speed of three controllers. (a) Nominal parameters. (b) Variation
parameters (i.e., +50% variations of Rs, Ls, B, J , ψm).

with different controllers are presented in Figs. 10−12.524

Also, the dynamic responses of each controller under con-525

ditions of 50% increased system parameters are illustrated in526

each figure.527

As shown in Figs. 10−12, when the wind speed changes528

randomly, the proposed ANFIS-RL controller still remains529

the best dynamic response for both nominal system parame-530

ters and varying system parameters, i.e., fast and no overshoot531

transient response and almost zero steady-state error. For the532

NN-RL controller, the dynamic responses are also good, but533

the response time is longer and the steady-state error is larger 534

than the responses of the proposed ANFIS-RL controller. 535

In the case of the PI controller, the dynamic responses are 536

good at steady-state with almost zero error. However, the 537

overshoot and transient times are high, and these responses 538

become worse when the system parameters increase by 50%. 539

V. CONCLUSION 540

In this paper, the reinforcement learning-based adaptive opti- 541

mal fuzzy control method is proposed for MPPT control of a 542

direct drive PMSG-basedWECS. The control system consists 543

of three parts: the critic, the adaptive fuzzy controller, and the 544

adaptive fuzzy estimator. The critic is designed based on the 545

ANFIS technique with a hybrid update rule to reduce both 546

the computational burden and storage capacity in comparison 547

with the NN-based critic. The adaptive fuzzy controller and 548

the adaptive fuzzy estimator are built using the T-S fuzzy 549

system. The parameters of both the controller and estimator 550

are updated from the critic with the optimal rule so that 551

the input error function is minimized. The superiority of the 552

proposed control algorithm is the employing of only output 553

feedback, so the knowledge about the system dynamic model 554

as well as system parameters is omitted. The stability of the 555

control system and the convergence of updated parameters 556

are proven via the Lyapunov stable theory. The efficiency 557

of the proposed control scheme is evaluated via simulation 558

with various scenarios: step wind speed, random wind speed, 559

nominal system parameters, and varying system parameters. 560

In each scenario, the dynamic responses of the proposed 561

control system are compared with the ones of the NN-RL 562

adaptive optimal fuzzy control system and the PI control 563

system. Finally, the simulation results show that the proposed 564

ANFIS-RL adaptive optimal fuzzy control scheme guaran- 565

tees the best performances in all cases with fast response, 566

no overshoot, zero steady-state error, and robustness against 567

the system parameter variations. In the future, the value 568

iteration can be employed to find the optimal value function 569

V (k) instead of approximation. In this trend, the convergence 570

conditions and convergence speed are still issues that need to 571

be investigated. 572
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