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Abstract: Developing control methods that have the ability to preserve the stability and optimum
operation of a wind energy generation unit connected to power systems constitutes an essential area
of recent research in power systems control. The present work investigates a novel control of a wind
energy system connected to a power system through a static VAR compensator (SVC). This ad-
vanced control is constructed via integration between the model predictive control (MPC) and an
artificial neural network (ANN) to collect all of their advantages. The conventional MPC needs a
high computational effort, or it can cause difficulties in implementation. These difficulties can be
eliminated by using Laguerre-based MPC (LMPC). The ANN has high performance in optimization
and modeling, but it is limited in improving dynamic performance. Conversely, MPC operation
improves dynamic performance. The integration between ANN and LMPC increases the ability of
the Neuro-MPC (LMPC-ANN) control system to conduct smooth tracking, overshoot reduction,
optimization, and modeling. The new control scheme has strong, robust properties. Additionally, it
can be applied to uncertainties and disturbances which result from high levels of wind speed vari-
ation. For comparison purposes, the performance of the studied system is estimated at different
levels of wind speed based on different strategies, which are ANN only, Conventional MPC strat-
egy, MPC-LQG strategy, ANN- LQG strategy, and the proposed control. This comparison proved
the superiority of the proposed controller (LMPC-ANN) for improving the dynamic response where
it mitigates wind fluctuation effects while maintaining the power generated and generator terminal
voltage at optimum values.

Keywords: wind energy generation unit (WEGU); model predictive control (MPC); artificial neural
network (ANN); Laguerre-based model predictive control (LMPC); static VAR compensator (SVC)

1. Introduction

Nowadays, wind energy systems are the most successful resource of renewable en-
ergy systems, and their global power capacity is exponentially increasing [1]. Figure 1
summarizes the existing types of wind turbines [2], which are classified according to the
IEC.

1.1. Literature Review

The basic components of a wind energy generation unit are wind turbines followed
by the gear box and an asynchronous generator with reactive power compensation [3].
Generic models of this system are given by IEC 61400-27-1 [4]. The main purpose of wind
energy control systems is that wind turbines withstand wind speed fluctuations. Addi-
tionally, wind turbines operate within permissible limits at maximum values of
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generating power [5]. There are many types of control approaches to wind energy systems
connected to the grid, some of the main types are summarized as follows.
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Figure 1. Wind turbine systems [2]: (a) Typel (b) Type 2 (c) Type 3 (d) Type 4.

Many studies have been carried out on wind energy conversion systems connected
to the grid such as adaptive control which can be direct [6] or indirect control [7]. Addi-
tionally, feedforward control [8] or feedback control [9] may be used. Conventional con-
trol approaches such as Proportional Integral Derivative (PID) and (PI) [10,11], are the
most widely used within wind energy conversion systems, but they are less robust, espe-
cially with high non-linearity and rapidly changing parameter systems. The artificial neu-
ral network approach was used for the optimization and modeling of wind turbine-gen-
erators systems [12-14]. The fuzzy logic control approach is used for adjusting the blade
angle of the wind turbine to produce the optimum value of generating power [15]. Addi-
tionally, this approach can be used to damp the subsynchronous resonance [16] and im-
prove LVRT for wind energy conversion systems that are connected to power systems
[17]. The SMC approach [18], has the ability to overcome uncertainties and problems, and
also it has a simple design and easy implementation. The control approach via backstep-
ping [19], was designed and implemented to improve the performance of WECs con-
nected to the grid. The application of predictive control within different wind energy
power systems is presented in [20]. In [21], PI, FC, ANN, SC, and backstepping, were ap-
plied to wind energy generation systems. The high performance of this system has been
proven with artificial neural networks. Optimal control strategies such as MPC, Hes, and
LQG controllers are more effective than standard PID controllers, particularly for remov-
ing oscillation [22]. In [23], PI, FC, and MPC were applied to wind energy generation sys-
tems. Also the results of comparison demonstrated that, the fast response of this system
has been proven with MPC so in recent years more research focus has focused on it [24].
Advanced MPC strategies are used in MPC combined with other strategies such as hier-
archical MPC [25], multi-objective MPC [26], nonlinear MPC [27], and distributed MPC
[28]. The MPC parameters are optimized by (PSO) [29]. In [30] a mix of adaptive model
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predictive controller (AMPC) and recursive polynomial model estimation is presented.
The next generation of controls [31] will be established in the mix of MPC-LQG.

1.2. Research Gap and Motivation

Figure 2 presents several previous studies about wind energy generation control
strategies. It can mention some of the research gaps as follow:

(1) Most of the previous studies only concerned optimal control strategies or, only con-
ventional controllers or an intelligent control (e.g., PID and MPC controllers). How-
ever, a few recent studies applied the advanced MPC controller.

(2) Advanced MPC strategies are used for MPC combined with heuristic, meta-heuristic,
or hierarchical algorithms. There is a good deal of possible integration between two
or more approaches as shown in Figure 2. That might produce the next generation of
controls to overcome the limitations of the previous control methods. Therefore, this
study applies hybrid MPC with an artificial neural network to improve performance
and smooth tracking.

(3) Most of the techniques in previous works were often based on simplified models of
the generator and the power electronics dynamics; their impact on the mechanical
stresses of the mechanical part of the system was ignored. In this work, however, we
consider a nonlinear model describing the dynamics of the wind turbine, the SCIG,
and the SVC, the latter is used to regulate the generator terminal voltage.

(4) The advanced MPC strategies have not been applied to all types of wind energy gen-
eration units.

(5) The classical DMPC needs a high computational effort or can be difficult to imple-

ment, especially at high sampling frequency control; this can be solved by using La-
guerre networks.
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1.3. Contribution and Paper Organization

(1) This paper investigates a new hybrid control via predictive control Laguerre-based
MPC and artificial neural network (LMPC-ANN) approaches. To the best of the au-
thors” knowledge, this scheme was not found in the WEC control systems literature.

(2) Complexity of MPC conventional algorithms is reduced by using MPC Laguerre-
based MPC which reduces the computational time and makes it easy to implement.

(3) The integration between ANN and MPC, increases the ability of the proposed control
system for smooth tracking, overshoot reduction, optimization, and modeling. In ad-
dition, the new control scheme has strongly robust properties. Additionally, it can be
applied for uncertainties and disturbances which result from wind speed variation.

(4) The obtained results via the proposed controller show that it stabilizes the system
(the type 1 wind energy system connected to the grid, which suffers from instability
problems) and manages to render the states of the system the same as the normal
operating conditions, despite fluctuating wind speeds.

The paper is sectioned as follows. Section 1 gives an overview of the approaches and
methodologies that are used in this study. Next, Section 2 explains and describes the pro-
posed MPC-based ANN scheme. Section 3 contains the simulation results and corre-
sponding discussion. Section 4 gives the conclusions and suggestions of this study. Fi-
nally, the Appendix A describes the modeling of the system under study. Appendix B
describes system parameters. Appendix C describes MPC-LQG Controller. Appendix D
describes ANN-LQG Controller. Appendix E describes ANN for the LMPC-ANN Con-
troller.

2. Materials and Methods

This section introduces the proposed methodology for controlling the wind energy
system type 1 introduced in Appendix A, which can deal with the operating condition
variability of the system according to the values of the wind speed. First, the control ob-
jectives adopted in this work are presented. Then, we detail the proposed approach.

2.1. Control Objectives

The control objective of the wind energy system when the wind speed values are less
than the rated value, is to maximize the power extracted from the wind. On the other
hand, at wind speed values more than the rated value, it is required to stabilize the ex-
tracted power to the rated value via the blade’s pitch angle actuator. Moreover, the FC-
TCR is used to regulate the voltage at the generator terminal. Next, we introduce the
Neuro-Predictive scheme for controlling the WES system.

2.2. Modeling of the System

The mathematical model of the system considered here is shown in Figure 3. It con-
sists of thirteen differential equations for all system components which are wind turbines,
SCIG, grid, overhead transmission lines, and SVC (fixed-capacitor (FC) and Thyristors
Controlled Reactor (TCR)). These are described in detail in Appendix A. This model can
be represented by:

X, =f(x,,u,,v) €)]

where

v is the instantaneous average wind speed.
x, is the state vector of the systems.

u, isthe vector of the control inputs.

where
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In order to control the system using MPC-based linear control approach linearized
models should be obtained at each operating point corresponding to the value of the wind
speed. We use the first order term of Taylor to approximate Equation (1) around a speci-
fied operating point to establish a linearized model, this is represented by

px = Ax + Bu 2)

where

A, B are the system matrices given in Appendix A.

T
x:[Aisq Ai, A, Al Ao, AV, AV, Ai, Ai, Ai, Ai, Ao, Ao Aﬂ]
u:[A,B,, Aa]T.
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Figure 3. Neuro-Predictive configuration for controlling the WECS.

First, Figure 3 describes the configuration of the proposed scheme. The ANN is used

to estimate the value of the steady-state (X : , u; ) at any operating point, that represents

the differential equations of the system as., Af (x: , u: ,V")=0. The value of (x: ,u: )

can be easily used to obtain the corresponding linearized model, which is used for the
MPC algorithm to compute the optimal control input. We train the ANN offline to learn
the steady-state values of the system given the wind speed. Using ANN in this scheme

should save the time to solve f’ (x: , U : , V") =0, which otherwise should be performed

online. At any value of the wind speed, the value of ()C;= ,u : ) drives the MPC to produce

the optimal incremental values of the inputs to provide the control input to the plant of
each instant as shown in Figure 3.
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2.3. Training the ANN

Given a set of data (X : , u: ,v") for the wind speeds more than rated value, the ANN

process as shown in Figure 4, can be trained off-line to learn the relation between v~ and

( xZ U : )- It turns out that a single layer feedforward ANN with hyperbolic tan as an acti-

vation function was able to learn reasonably well such input-output relation. The Matlab
neural network toolbox has been used to pre-process the data, train, and validate the ANN

(Appendix E).

e
construct training data
gy | INputs of ANN (u) are wind speed and output of ANN (u)
are firing angle and blade pitch angle target data which
are generation by
Af(Xp U V) =0

g

Y

-
Select single layer feed forward ANN and initialize
weights and biases of it

\

Y

[ Training and testing ]

if there are
changing in the system
constants

Figure 4. Flow chart of ANN process.

2.4. MPC-Based Laguerre Function

In this section, we continue to describe the new hybrid control via predictive control
Laguerre-based MPC and artificial neural network (LMPC-ANN). For the construction of
the proposed controller, the mathematical model of the wind energy generation unit
should be put in the discrete state space form as follows [32].

x, (k+1)= 4, %, (k) + B, xu(k) ©
v, (k)=C, xx, (k) (4)

where: x, (k)e R™, u(k)e R™ and y(k)e R™ Rw are the system state, input,

and output, respectively, at a sampling instant k, Am, Bm, Cn are the state-space matrices.
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In order to include embedded integral action for the control design, we augment the
model as follows [33]

x(k+1)=Axx(k)+ Bxu(k) )
y(k)=Cxx(k) (6)
where

x(k+1) =[Ax, (k) »y(0)]" @)
Ax, (k) = x,, (F) = x, (k= 1) ®
Au(k) =u(k)—u(k—1) 9)

T
A= [ A 0’"} (10)

C A I

B _ B”’l

= C B (11)
A, =0, 1] (12)

where [ is the identity matrix. 0, is the matrix with zero entries with appropriate di-

mensions.
The standard MPC problem is to minimize at each sampling instant the cost function

NP
J =Y x(k; +mlk,)" Ox(k, + mlk,)" + AUTURAU (13)
m=1

Over the parameter vector of the control sequence A U, where
AU =[Au(k,) Au(k, +1)....Au(k, + N, -1)]" (14)

Np and N are, respectively, the prediction and control horizons, Ny > N¢, x(ki + m | ki)
is the predicted state variable vector at the sampling instant, given current state x(ki), Q =
C7C and R > 0 are weighting matrices, with Q has the dimension of x and R has a dimen-
sionof A uQand R are used to tune the performance of the controller and they are varied
based on two arbitrary constants (alpha, lambda) as described in [33].

A closed-form solution to this problem can be obtained, and the receding horizon

principle is applied, i.e., the first sample of the sequence A U is implemented. Moreover,
input-output constraints can be easily included, in this case, the optimal solutions are ob-
tained using quadratic programming. Next, the MPC design procedure is generalized by
introducing a set of discrete orthonormal basis functions into the design. Such generaliza-
tion will help to reformulate the predictive control problem to simplify the solutions and
tune the predictive control system.

Furthermore, a long control horizon can be realized without using a large number of
parameters, which can lead to an appropriate MPC approach in the case of rapid sam-
pling, complicated process dynamics and/or high demands on closed-loop performance,
and cheap computational load for online implementation. Moreover, it predicts numeri-
cally conditioned solutions than those of the basic approach. The basic idea is to approxi-

mate the sequence Au(k;) Au(k, +1)...Au(k, + N, —1) by a set of discrete La-

guerre functions, see [Wang Book] for justifying the use of such functions. The block dia-
gram z-transform of discrete-time Laguerre network [34] is shown in Figure 5, which is
based on the following relations:
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M) =T ()5 s)
v1-a®
C(z)= Y "% (16)
1(2) l—az-0

where a is the pole of the discrete-time Laguerre network, and a <1 for the stability of the
network. The parameter a is selected by the user, which is referred to as the scaling factor.
The Laguerre networks are known for their orthonormality. For MPC design, the Laguerre
functions [33,34] are used in the time domain. Based on the relation (29), the set of La-
guerre functions can be described by the difference equation

L(k+1)= A4, L(k) (17)

L) =[Lk)  1y(k) el (k)] (18)

with [i(k) is the inverse z-transform I i(z), and the matrix Ai € RN x N is given by

a 0 0
pl a 0

A= —apfl pl a

a’pl —apl Bl (19

SO O O

&MM%MW1cﬂM%”w1L.b1Q

with Sl =1 - a2 and N is the number of terms used in the Laguerre network. So, this

implies the initial condition

L(O):\/ﬁ[l —a a a .. (—I)N_laN_l]T (20)

The Laguerre networks are commonly used in system identification to capture the
dynamic response of a system. Similarly, the control sequence in A U can be approxi-
mated by a set of Laguerre functions as follows

N
Au(k, + k)= ZC_]. (k, )lj (k)= L(k)T n (21)

j=1
with ki being the initial time of the moving horizon window and k being the future sam-
pling instant and 77 = [Cl C, C3 C4 .. Cy ]T, with ¢1, ¢z, - - -, o~ are the coeffi-

cients of the Laguerre series expansion. Therefore, given the state-space realization (2a -
b) with the initial state variable x(ki), the prediction of the future state variable, x(ki + m | ki)
at a sampling instant m ki in terms of Laguerre functions can be represented by

m—1
x(k; +mik,) = A"x(k;)+ > A" BL(i) n (22)
i=0

where A u(ki+ i) is replaced by L(i)T 77 Similarly, the prediction for the plant output at

future sample m, i.e., y (ki + m|ki) can be represented. This shows that both the predictions
of the state variables and the output variables are expressed in terms of the coefficient
vector 5 of the Laguerre network instead of A U. Thus, » will be optimized and com-

puted in the MPC design. Now, the cost function can be rewritten in terms of 7 as
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N,
J =Y x(k, +mlk,)" Ox(k, + mlk,)" +n"UR,n (23)

m=1
In order to obtain 5 that minimizes the cost function, we solve the partial derivative

oJ

o 0 (24)

fors consequently, the optimal solution of 5 is given by [35]

n=-Q '"¥x(k,) (25)
let
N,
Q=> p(m)Qp(m)" +R, (26)
m=1
N,
¥ => p(m)Q4” (27)
m=1
m—1
o(m)" = ZA’”’i"BL(i)T (28)

i=0

Finally, by implementing the receding horizon principle, the control law a sampling
instant ki, which should be implemented online is given by

Au(k;)==L(0)" 7 (29)

where L(0)" is computed from (13), which can be considered as at a time-varying state

feedback policy where A, B, Q and R are calculated via the discreet matrices model [33].
This controller deals adaption of control signals via ANN. The ANN and the predictive
control-based Laguerre function are used for optimal control of a wind energy system.
Figure 6 presents a flowchart of integration between two strategies that were discussed in
this section to produce the proposed controller performance. Additionally, it can be sum-
marized in the following steps:

Step 1: Enter the system parameters (Appendix B), design parameters of the proposed
controller (Table 1), and the inputs of the wind energy conversion system.

Step 2: Construct a set of data that contains the wind speed values and the corresponding
values of blades pitch and firing angle of SVC for optimum power and voltage generation
Step 3: Construct, train, and test an ANN via the set data in step 2.

Step 4: If there is no change in the system parameters go to step 5, or repeat step 2 and
step 3.

Step5: Estimate the mathematical model of the system (Equation (2)) with consideration
for all uncertainties and nonlinearities. It is estimated via thirteen differential equations
for all system components which are given in Appendix A.

Step 6: Estimate the augment discrete model at specified times and corresponding oper-
ating conditions by using step 5 and equations 2 to 12 including ANN.

Step 7: Calculate the Laguerre function L(K) and L(0) via equations 15 to 20.

Step 8: Calculate the coefficient vector 5 of the Laguerre network equations 25 to 28

Step 9: Calculate the Laguerre control signals via the augment discrete model with includ-
ing ANN as: Au(k,)==L(0)" 7

Step 10: Calculate the control signals of ANN w .. (k,) = f(v)

Step 11: Calculate the optimum control signals ©,,, (k;)=u 4 (k;) + Au(k,)
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Step 12: Repeat steps 5 to 10 for the next instant until it reaches the N sample.

Step 13: End.

-1
1 Z"a z1.a
_> > - . .
1-azl

1-azl

z1.a

1-az!

Figure 5. Discrete-time Laguerre network.

Enter the system parameters
(Appendix(b)) , design parameters of the proposed controller (tablel) and the inputs
of the wind energy conversion system

N

Construct a set of data for ANN training (the wind speed values and its
corresponding values of blades pitch and firing angle of SVC)

N7

[ Construct,train and test the ANN

check the varation of
system parameters (appendix(b))

—~ -

—

Estimate state space matrices of the system (equation (2)) with considering of all

uncertainties and Ii ities via appendix(A).

k2

Estimate the augment discretemodel at specified time and corresponding operating
condition by using equations 2 to 12 with including ANN

— ) —

¥

[(falcula!e Laguerre Function L(K) and L(0) via equations 15 to 20 ]
v

[(falculate the coefficient vector of the Laguerre network equations 25 to 28 ]
N

including ANl\f equation (29):
"2
Calculate the Laguerre control signals via the augment discrete model with
including ANNlequation (29): J
A 4

¥
[ Calculate the Laguerre control signals via the augment discrete model with J

[compme the optimal vrector u(k) =upANN(k)+Au(k) ]
]

A 4
[ Obtain the state vector x(k),x(k-1) output vector y(k),y(k-1) and disturbanc vcctor]

v(k-1)for current time k

IF K<N

K=K+1 I

[ obtain the system output ]
1

Figure 6. Flowchart of the neuro-predictive control.
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Table 1. shows the initial values for designing the of the neuro-predictive controller.

Parameter for Designing The Values
lambda= 0.9
alpha 1.5
B:
Time sampling 0.01
the number of terms for each input (N) 10
prediction horizon (Ny) 5
contains the Laguerre pole locations for each input (a) 0.9

3. Results and Discussion

In this section, the neuro-predictive (LMPC-ANN) controller is applied to a 3 MW
wind energy generation unit connected to a power system through SVC, as shown in Fig-
ure 3. All constants of the system elements are given in Appendix B. Table 1 shows the
initial values for the design of the neuro-predictive controller. There are three time zones
used to study the effectiveness of the controller as follow:

REGION A (before gust): in this region, wind speed values are within a normal variation
zone as shown in Figure 7; measurements are taken within the first two seconds.
REGION B(during gust): this region is measured during wind gusts which are sudden
variations in the wind speed as shown in Figure 7. Values are between t =2 to t =4 in this
system.

REGION C (after gust): this region is measured after wind gusts, the value of wind speed
returns to the normal variation as is shown in Figure 7; they are measured as between t =
4sandt=6s.

The performance of the studied system is estimated based on different strategies,
which are:

e  The ANN only

e  Conventional MPC [20] strategy is given in Appendix C

e Adaptive ANN-LQG [36] strategy is given in Appendix C

e  Conventional MPC-LQG [31] strategy is given in Appendix D

e  The proposed controller is neuro-predictive (LMPC-ANN)

e  Figures 8-11 show the response of the system with different controllers in terms of
the deviations of the rotor speed (Awr), shaft deflection angle (Ad), stator voltage
(AVs), and generated power (APy)

Fluctuating Wind speed (m/s)

Time(Sec)

Figure 7. Fluctuating wind speed.
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Proposed controller

Adaptive ANN-LQG

MPC-LQG

e conventional MPC

only ANN
T

Generated Power Deviation Response(PU)

Time(Sec)

Figure 11. Generated power deviation response.

In the previous figures, the system performance before a gust with different control-
lers is shown. We can notice that the system with only ANN suffers from instability prob-
lems, and it cannot dampen the oscillation result from the normal fluctuation of wind
speed. On the other hand, the systems with MPC, ANN-LQG, and MPC-LQG have a bet-
ter dynamic response than in the previous case. The systems with LMPC-ANN achieve
the best dynamic response in comparison to the other modern controllers such as ANN-
LQG and MPC-LQG. Additionally, the same figures show that the systems with only
ANN during the gust have high oscillation with the largest value of max overshoot due
to gust fluctuation of wind speed, on other hand the systems with conventional MPC,
ANN-LQG, and MPC-LQG have a slightly better dynamic response than in the previous
case. Regardless, the system with LMPC-ANN still demonstrates the best dynamic re-
sponse in comparison to the other modern controllers (ANN-LQG and MPC-LQG). Fur-
thermore, the system behavior after gusts return is approximately the same as before with
different controllers. To summarize the analysis of these results, Figures 12 and 13 show
the maximum values of overshoot in generating power and voltage in different cases, the
wind fluctuation effects are mitigated while maintaining the power generated and gener-
ator terminal voltage at optimum values.

Tables 2 and 3 highlight the effectiveness of the proposed neuro-predictive control
compared to the other strategies in reducing the maximum overshoot of generating power
and voltage. It is clear from Tables 2 and 3 that the reduction in maximum overshoot of
generating power and voltage with proposed neuro-predictive control is better compared
to the best results obtained through the other modern control strategies.

Table 2. Max overshoot percentage of generated power deviation at different operating modes and
different control strategies.

Strategies System with  System witha  System witha System witha MPC + System with Proposed

Modes a ANN Only Conventional MPC ANN +LQG LQG Controller
Before gust 0.420343 0.146984 0.081155 0.079956 6.24 x 103
During gust 2.175327 0.932889 0.813277 0.718984 0.06642
Under guest 0.353782 0.214282 0.127183 0.076006 0.014257
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Table 3. Max overshoot percentage of generated voltages deviation at different operating modes
and different control strategies.

Strategies System with ~ System with a System witha System with a MPC System with Proposed

Modes a ANN only Conventional MPC ANN +LQG +LQG Controller
Before gust 0.024803 0.008639 0.004951 8.85 x 105 7.741 x10-5
During gust 0.125297 0.054231 0.047579 0.000287 0.00162
Under guest 0.020834 0.012588 0.006347 6.26552 x 105 0.000171

25— LI — e
I Proposed controller :
I Adaptive ANN-LQG 1
{[_] MPc-LQG -

- conventional MPC

N

-
(3]

-

e
2

Max Over Shoot of Generated Power Deviation %
o

1 2 3
1---befor gust 2 ---during gust 3---after gust

Figure 12. Max overshoot in generation power at different operating modes.

0.14 | ‘
| |
Il Proposed controller !
0.12-| I Adaptive ANN-LQG |-
[ mPc-LQG !
[ conventional MPC [
0.1 | I only ANN _

|

0.1253

0.08

Max Over Shoot of Stator Voltage Deviation %

1---befor gust 2 ---during gust 3---after gust

Figure 13. Max overshoot in generated voltages at different operating modes.

Generally, it is clear that the responses of the system without a controller oscillate
highly. On the other hand, the system with the NEURO-MPC controller can stabilize the
system and dampen the oscillations. However, the responses with the proposed controller
outperform those with the modern controllers, especially ANN-LQG and MPC-LQG. The
oscillations with the proposed gust died out within less than 0.9 sec. The obtained results
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show that the proposed control stabilizes the system and renders the system states at the
normal operating conditions at all levels of fluctuating wind speeds.

4. Conclusions

In this work, a predictive control scheme based on an artificial neural network has
been proposed to control a wind-driven squirrel cage induction generator (SCIG) system
connected to a grid. The ANN is used to obtain the steady-state values of the system,
corresponding to any values of the wind speed to complete the associated linearized
model of the system. The control objective is to mitigate wind fluctuation effects by regu-
lating the rated power generated by the system while maintaining its terminal voltage at
the rated value. For this purpose, a predictive control scheme is designed based on or-
thonormal Laguerre functions. The predictive control is integrated with the ANN. The use
of the ANN can simplify the online computation of the operating points. The proposed
predictive control shows a better response in comparison with a conventional controller,
which can improve the power system stability, and reliability and increase the operational
lifetime.

The proposed controller can adapt its operation according to the wind speeds and
hence can achieve optimal performance at any value of the wind speed. The system with
such predictive control has been tested under fluctuating wind speeds. From the present
analysis, the obtained results show that the system without controllers suffers from insta-
bility problems, on other hand, the proposed control stabilizes the system and manages
to render the system states at the normal operating conditions at different values of the
wind speeds. The future expansion of this work, would be to investigate the neuro-pre-
dictive scheme’s impact on different types of wind energy systems. Additionally, to ob-
serve it applied to different types of renewable energy systems.
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Nomenclatures

SYMPOL  DESCRIBTION

(MPC) Model predictive control

(ANN) Artificial neural network

(SVCO) Static VAR compensator

(5CIG) Squirrel cage induction generator

(FC-TCR)  Fixed-capacitor Thyristors controlled reactor
(WECS) Wind energy conversion system

v is the instantaneous average wind speed
X, is the state vector of the systems

u, is the vector of the control inputs such
yij Blades pitch angle

a Firing angle

A, B are the system matrices
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ls d The d component of stator current
.Sq The q component of stator current
e g component of rotor current
l rq The q p f
o, Wind turbine angular speed
i Id The d component of TCR current
l Iq The q component of TCR current
] e d component of T.L current
l d The d P fT.L
e g component of T.L current
L q The q comp fT.L
X m Magnetizing reactance

Am, Bm, Cn are the state-space matrices
represent, respectively, the identity matrix and a matrix with zero entries with
Iand ~™  appropriate dimensions.

AU The control sequence
Ne Control horizon
Ny Prediction horizon
x(ki+mlki) Predicted state variable vector at sample time m, given current state x(ki)
n Parameter vector in the Laguerre expansion
c1, ¢z, -+ +,en  are the coefficients of the Laguerre series expansion.
A Deflection angle of the drive shaft,

Y Q MPC cost function matrices

Vs The stator voltage terminal
Pg generated power
QandR are used to tune the performance of the controller
(FC) Fixed-capacitor
(TCR) Thyristors controlled reactor

T g Induction generator torque
Neuro-LQR The conventional controller
y Output signal

D‘Y Damping Ds constant

G, Gear box ratio
Ks The spring constant

p Pairs no of pole

a)g Induction generator angular speed

g Entire constant generator

o, Wind turbine angular speed

T; Wind turbine torque

A Tip speed ratio

v, Wind speed
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, Stator speed

S Slip of the machine

X e Equivalent reactance of the transmission line
Vsd The d component of stator voltage

R . Equivalent resistance of the transmission line
VSq The q components of stator voltage

X B Equivalent reactance of the FC

X I Equivalent reactance of the TCR

R, Rotor resistance

p Differentiation operator
L Discrete and continuous-time Laguerre functions in vector form

Appendix A. Modeling of a Wind Energy System Type 1

The schematic diagram of the system considered here is shown in Figure 2. It consists
of a horizontal axis type of wind turbine and a SCIG connected to the grid via an overhead
transmission line through SVC (fixed-capacitor (FC) and Thyristors controlled reactor
(TCR)) [32]. Next, the dynamics of each component of this system are described.

Appendix A.1. Wind Turbine

The wind turbine model describes the aerodynamics, mechanics, and pitch actuator
dynamics of the system as shown in Figure 4.

Equations (A1) and (A2) describe the dynamics of the generator and rotor sides, re-
spectively [37]:

1
pPo, =J—(ng -T,) (A1)
g

1
po,=—(T,-T,) (A2)
Jt
where p is differentiation operator, wy and wr are the angular speeds on the generator and
rotor sides, respectively, J;, J: are the inertias, Tg, Tt are the generator and turbine torques
and Ts, Tst are the transmitted torques via the gear ratio (Gr) as

T
T, = Gt (A3)
The torque T is given by
I, =D,po+K S (A4)

where Ds and K are constants terms and 0 represents the deflection of the drive shaft.
Wind turbines can be characterized by using non-dimensional curves.
The developed torque is given as:

2
;. OSpARCV;

(A5)
t A
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where A is the swept area, p is the air density, Cy is power coefficient, A is tip speed ratio

which is given by
@, R
A=— A6
v (A6)
R is the rotor radius of the turbine
. 7(A-3)
C =(0.44-0.0167 B)sin(———=) —0.00184 B(1 -3
, = p) (15—0.3ﬂ) B( )
w, =2 (A7)
P

o, =(1-S)a, jj

The pitch angle actuator represented by [38]
=P p
pp=—"= — P A8

where fr is the control input of the wind turbine and T: is a constant.
Finally, Equation (8) describes dynamics of twist of rotor shaft:

@Dy

o=w —— A9
p ‘TG (A9)

I

Appendix A.2. The SCIG

The SCIG dynamic model in the d- and g-axis synchronous reference frame is given
as follows [39]:

(A10)
pisq == AIR l - (a)b - A2a)er)isd+ AZ Rr irq - a)erAl ird+ Aleq

s “sq

piy =(0, +w,A,L,)i,— AR i,+w, AL, +R 4, +A4V, (All)

m-rq

(A12)

pirq = _A2Rs isq + a)rLs AZ isd + (_a)b + a)rLsAl)ird - A3 l - AZI/sq

rq

piy=-0,LA + AR i, (0, oL A)i,~Ai,—~AV, (A13)
where
A =L /L -L,]L,
A4,=L,/L -L.L,
A, =R, (1+A,L,)/L,

where: the electromagnetic torque of the generator can be expressed as:

3PL
T, = 2

m

(isq ird - isd irq ) (A14)
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Appendix A.3. SVC Model

FC-TCR -SVC [40] is used to regulate the generator terminal voltage by adjusting the
Thyristor gating angle of the TCR branch. Consequently, its equivalent reactance provides
the desired terminal voltage. The relation between the current and voltage of FC-TCR in
the d- and g-axis synchronous reference frame can be given by

. [0 .
P, = Ybl/sq — Wyl (A15)
i
. o, .
i, =—V_ , +w,i (A16)
Ply X, sd blig
(A17)

stq = a)bXCicq B a)bl/sd
pVy=o,X i, +ao), (A18)

Appendix A.4. Transmission Line Model

Finally, the dynamics of the transmission line can be described by [39]:

. o, R0, . . (A19
pi, = Z(Vsq V) — X Ly — @yl )
. [0 R,w, . ) (A20
Pty = X_h(Vsd V) _X—hlzd tw,, )

e e

Appendix B. System Parameters Data

A. Induction Generator Parameters
4 poles, 6.6 Kv, 60 Hz.
Xm=4.161 pu,;
X1s=0.135 pu.;
Xir=0.075 pu,;
s =0.0059 pu,;
R:=0.0339 pu.;
Hg=1.975s:
B. Static VAR Compensator Parameters
Ximax = 4:0 pu.; Xc = 3:8 pu.
C. Transmission Line Parameters
Xe=0.15 pu.;
Re=0.015 pu.;
V =1.04 pu.
D. Wind Turbine Parameters
Horizontal axis wind turbine (6 MW)

H:=16:72s;
R =200 ft;
G:r=103:6

Appendix C. MPC-LQG Controller

In this method, the MPC-LQG controller combines MPC and LQG controllers. In ad-
dition, the controller depends on the control horizon (M), prediction horizon (P), and sam-
pling time (ts). The conventional MPC controller is illustrated in the Figure Al.
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Wod (K)
Output disturbance
v () model
— e
N RL (k)
controller plant | % W, y (k) >
V(K) model Yu (k)
 Input Measurement] _ >
disturbance noise model (k)
model J n
Wy (k) T W (k)T
n
\

Figure A1. Conventional MPC configuration.

The controller blends the merits of the MPC and LQG approach. The design process
of the proposed MPC-LQG controller has been conducted in MATLAB software using the
MPC toolbox and the LQR function
where

xp (k +1) = Apx, (k) + Bpyu(k) + B,,v(k) + Bpad(k)
Vp (k) = Cpxpp (k) + Dpy v(k) + Dpyu(k) + Dpad(k)
Cp=s5"C
The goal of reducing the quadratic cost function was accomplished by achieving the

optimal solution as follows

tf
] = (4yQx + uRu + 2XNu)dt
to
Here, QLQG and RLQG are the weight and the control matrices, respectively. Then,
to reduce the value of J, it is necessary to select the optimum value of the K control input.

u(t) = —k(t)x(t)

The LQG together with the predictive control-based Laguerre function are used for
optimal control of a wind energy system. Figure A2 presents a flowchart of the integration
between two strategies which were discussed [31] to produce the proposed controller per-
formance.
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[ Define system data ]

v

Initializa the controller parameters
(T,P,M,QMPC RMPC ,0LQG, and RLQG ™ )

v
[ Construct QLQG and RLQG ]<_]
¢ Update QLQG
and RLQG matrix

matrix
L 2 [ Obtain the state vector x(k),x(k-1) ] A
o e

e

utput vector y(k-1) and disturbanc:
vector w(k-1)for current time k Y

v

[ Capture the predictive vector ]

v

Compute the optimal rector u(k) regard
to constrains and cost function Y

v

[ Compute the optimal output ]

YES @
NO

[ obtain the system output ]

B

[ Capture the kalman filter L]

yes
IFQ20 and R>0

Construct again
(K)

/

Capture the gains of the
proposed controller
(MPC - LQG )

Check the system
performance

Figure A2. flow chart of LQG-MPC cotroller [31].

Appendix D. Adaptive ANN-LQG

The Neuro-Adaptive Control outline [40], strategies is designed based on the LQG
controller. There are two ANNSs to adapt the control signal online with wind speed varia-
tions as shown in Figure A3,. One of them is ANN1, which is trained as presented in Sec-
tion 2. The other one is ANN2, which is trained via LQG gain computation at any possible
value of wind speeds. Figure A4 shows the flow chart of the ANN-LQG controller.

WIND SPEED

ANN1

A

Contrcy(er
/Ada

ANN2

X(k)
Plant

u(k)
ptive Parameters

l

Figure A3. block diagram of ANN-LQG controller.
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Enter the system parameters
design parameters of the ANN+LQG controller and the inputs
of the wind energy conversion system

Construct a set of data for ANN 1training (the wind speed values and its corresponding values of
blades pitch and firing angle of SVC) Then,Construct ,train and test the ANNI1

the system at all operation conditions

'l
N

[conslrucl a set of data for adaptive ANN2 training via LQG gains based state space matrices of

K=K+1 ]4—
>

[ Calculate the control input (UANNI)via wind sﬁeed by first artificail neural network ANNI as

section 2

[ upditing the optimal control gain via wind speed by secon artificail neural network ANN2 ]

v

upditing the optimal control gain via wind speed by secon artificail neural network
ANN2 Calculate the control i|I1put AU(K)=-KANN2#*x(k)
Y
[compulc the control vrector u(k) =UANNNI1(k)+AU(k) J
Y

Obtain the state vector x(k),x(k-1) output vector y(k),y(k-1) and disturbanc vector v(k-
1)for current time k
I

Y

[ obtain the system output ]

©

Figure A4. flowchart of ANN-LQG controller.

Appendix E. Artificial Neural Network for the LMPC-ANN Controller

The following Figure A5 and Table Al can be described the construction and prop-

erties of the ANN which is used for the proposed controller

wi

firring angle

blade pitch angle
wind speed

b1

Figure A5. Structure of the ANN for the LMPC-ANN controller.
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Table Al. Structure of the ANN.

Construction Discerption
wl hidden and input neurons weight
bl hidden nodes biases
hidden layer output oh = tansig (w1*in, b11)
w2 Hidden and output weights
b2 output nodes biases
The output of ANN ol = purelin (w2*oh, b2)

Parameters Computation for for The LMPC-ANN Controller
The training data was fed to Matlab Toolbox to calculate the weights and biases of
artificial neural network.
The statistical data for artificial neural network training:
No of iterations = 1000
Max. Squared error =1 x 1077
Learning rate = 0.001

Best Training Performance is 2.2555e-05 at epoch 22

Train

— - -~ Best
-~~~ Goal

Mean Squared Error (mse)

, ,
0 2 4 6 8 10 12 14 16 18 20 22
22 Epochs

Figure A6. Neural network training performance.

Gradient = 0.0045448, at epoch 22
10 T T T T T T

gradient
S
T
|

: Mu = 1e-05, at epoch 22
10 T T T T

mu

Validation Checks = 0, at epoch 22
1 . . . . T T

2K 2K K 2K 2K R 2K 2K 2 2 K R 2K 2 2K 2 2K K 2K R 2R 2% 4

val fail
S

1 1 1 1 1 1
0 2 4 6 8 10 12 14 16 18 20 22
22 Epochs

Figure A7. Neural network training states.
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The resulting weight matrices and biases of this ANN are given by:

10.5628
0.6878
4.0000
1.5718

4
wy=[-0625 -033130 -0163 -2445 -1220 |

2.129
b2 -
4.5646

-0.0001 0.0064 0.0001 -0.6337 -1.6386
-0.0320 -1.3092 -11.1940 -1.1208 4.9879
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