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ABSTRACT

In the realm of wind power generation, cascaded doubly fed induction generators (CDFIG) play a pivotal
role. However, the classical proportional integral derivative (PID) controllers used within such systems
often struggle with instability and inaccuracies arising from wind variability. This study proposes an
enhancement to overcome these limitations by incorporating a single hidden layer neural network
(SHLNN) into the wind power conversion systems (WPCS). The SHLNN aims to complement the PID
controller by addressing its shortcomings in handling nonlinearities and uncertainties. This integration
exploits the adaptive nature and low computational demand of SHLNNS, utilizing historical wind speed
and power data to form a more resilient control strategy. Through Matlab/Simulink simulations, this
approach is rigorously compared against traditional PID control methods. The results demonstrate a
marked improvement in performance, highlighting the SHLNN's capacity to contend with the intrinsic
variabilities of wind patterns. This contribution is significant as it offers a sophisticated yet
computationally efficient solution to enhance CDFIG-based WPCS, ensuring more stable and accurate
energy production.
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Linis Lna Mutual inductanses [H]

Ly, Ly Inductances of the first and the second rotor [H]
Lgy, Ly, Inductances of the first and the second stator [H]
Py Active power of the first generator [W]

P, Aerodynamic power [W]

Q1 Reactive power of the first generator [W]

Ry First stator resistance [ohm]

Ry, Second stator resistance [ohm]

R, The blade length [m]

Tom Electromagnetic torque [N.m]

T, Generator side torque [N.m]

T, Aerodynamic torque [N.m]

v Estimate matrix for V

1A Primary value of V

Ve Grid voltage

w Estimate matrix for the W

w, Primary value of W

Wies1, Wy Results of calculated weights by Gauss-Newton
lgr igr Rotor currents in d-q axis [A]

las1s lgst First stator currents in d-q axis [A]

lasz lgs2 Second stator currents in d-q axis [A]

ki, ke PI regulator’s gains

P, P2 Number of poles of the first and the second generator
51,82 Slips of the first and the second generator

Uy Adaptive term

Uggs Ugq Adaptive terms in d-q axis

Vgs1» Vgst First stator voltages in d-q axis [V]

Vas2r Vgs2 Second stator voltages in d-q axis [V]

Vjk Weights between the first and the second layer
Uy Wind velocity [m/s]

Van Output of neural network

Har g Neural network inputs in d-g axis

G Gearbox’s gain

C Constante

1 Unit matrix

] Equation of jacoby

4 Weights matrix for the hidden layer

w Weights matrix

e Error

f Friction of the wind turbine [N.m/(rad/s)]
j Inertia of the wind turbine [kg.m?]
Greek Symbols

Taq Dynamic error

Ag g Target terms in d-q axis

Qrree Mechanical speed of the generator [rad/s]
0, Rotational speed of the wind turbine [rad/s]
T, Response time [s]

Part) Pgr1 First rotor fluxes in d-q axis [WB]

Parz) Pgra second rotor fluxes in d-q axis [WB]
Pas1) Pgs1 First stator fluxes in d-q axis [WB]

Pasz) Pgs2 Second stator fluxes in d-q axis [WB]

;i) Activation function

Wy, Wyp Angular frequency of the first and the second rotor
W1, Wesy Angular frequency of the first and the second stator
Oyj Biases between the first and the second layer

i Biases between the second and the third layer

B Pitch angle []

A Velocity ratio

u Positive coefficient

p Air density [kg/m?]

1. INTRODUCTION

As societies increasingly depend on electrical energy,
there has been a notable rise in the utilization of
renewable energy sources like wind power (1). This trend
is primarily driven by the urgent need to lessen reliance
on fossil fuels and mitigate the environmental impact
caused by traditional energy sources (2).

Within the realm of wind power, one promising
technology is the cascaded doubly fed induction
generator (CDFIG) system (3). This innovative system
combines two doubly fed induction generators (DFIGS)
while preserving their original design (3, 4). It involves
coupling two wound rotor induction generators at their
rotor windings, both mounted on a shared shaft (3, 5, 6).
Compared to traditional wind power systems, the CDFIG
system offers several advantages, including enhanced
reliability and reduced maintenance costs (7). One key
benefit of employing CDFIG system is its ability to
operate at variable speeds (4, 6). This is particularly
valuable as it effectively stabilizes the generator voltage
frequency when fluctuations occur in the rotor speed (6).

There has been a growing trend in recent years to
integrate intelligent techniques in WPCS (8). Artificial

neural networks (ANNSs) are widely recognized as a
fundamental, powerful, and efficient approach for
creating control strategies in situations where systems are
only partially wunderstood and have complex
mathematical models (9). ANNSs possess the capability to
learn and approximate the dynamics of nonlinear systems
by utilizing available input and output information (10).
They are commonly applied in the fields of identification,
adaptive control, and observation (11).

The literature encompasses various control
techniques employed in wind power conversion systems
(WPCS) utilizing the cascaded doubly fed induction
generator (CDFIG). Notable examples include direct
torque and flux control (12), sliding mode control (SMC)
as described by Maafa et al. (7) and Zahedi et al. (13),
This control technique frequently encounters undesired
chattering phenomena (14). However, this phenomena
can be decreased by updating the traditional SMC into
the terminal SMC by Abdolhadi et al. (15) and the super-
twisting SMC by Yan and Cheng (16) but it leads to more
complexity of the controller (17). The predictive torque
control of CDFIG highlighted by Bayhan et al. (18)
which focuses on directly controlling the torque or flux,
and the predictive voltage control also by Abdolrahimi
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and Arab Khaburi (19). Dauksha and lwanski (20) an
indirect torque control algorithm for a CDFIG that allows
it to work with an unbalanced power grid using different
strategies. The development of an intelligent LAMDA-
based controller for three-phase induction motors has
shown improved precision and disturbance response by
Morales et al. (21). Additionally, studies on the behavior
of wind turbine blades in different turbulence levels have
underscored the necessity for durable designs in
renewable energy technologies (22). In finance, the
integration of time-series analysis into neural network
models has significantly enhanced stock price prediction
accuracy (23). Our contribution aims to combine the
strengths of the CDFIG with intelligent technique in the
WPCS by integrating SHLNN which provides low
computing complexity and good adaptation abilities to
the control system.

This research identifies a gap in the existing literature
regarding a control system that effectively manages these
nonlinearities and uncertainties without introducing
additional complexity. To address this gap, the article
proposes a control strategy that integrates a single hidden
layer neural network (SHLNN) with a PI controller. The
SHLNN is designed to complement the PI controller by
enhancing its adaptive capabilities while maintaining a
low computational footprint.

The paper presents a detailed exposition of the
mathematical model of the WPGS encompassing the
CDFIG and the wind turbine models, the controller of the
active power and reactive power of CDFIG designed
including field-oriented control with PI controller in the
first case then the implementation of the SHLNN
alongside with a Pl controller in the second case.
Subsequently, applying the control methods in the WPGS
and discussing the simulation results by comparing both
cases. The paper concludes with a summary of the
findings and their implications for future research in the
wind power generation systems.

2. MATHEMATICAL MODEL OF THE WPCS

2. 1. Model of The CDFIG The two doubly fed
induction generators are connected mechanically and
electrically, their stator windings are electrically isolated
from each other, their rotors are connected to the same
shaft, and the rotor circuits are linked with a reverse
phase sequence (24). These generators are referred to the
first generator as the control generator (CG) and the
second as the power generator (PG) (24), as shown in
Figure 1:

By employing a commonly used DFIG model and
assuming symmetrical electrical circuits for both the first
generator and the second generator across all phases (20),
the rotor windings of the two generators are
interconnected in opposite connection, this linkage gives

First generator (PG) Second generator (CG)

Figure 1. The cascaded doubly fed induction generator

the following model in d-q axis (13, 25):

— . digsy digr
Vas1 = Rslldsl + le at + Lml at - (1)
wlesllqsl - wlemllqr
diger digr

Vgs1 = Rsliqsl +Ls “at + L ar + w1 Lsiigsr + )

Ws1Lmalar

digr digsy

0= Rridr + Lr?‘F Lm1

- wg1Lrig — 3
) digss .
wglellqsl — Ly dt + wgleZ lgs2

digr digs1

0=Ryig + Lr? + L1 m + wg1Lyigr +
. digsz . (4)
wglelldsl — Ly & wglezldsz

— . didsz didr
Vas2 = Rszldsz + LsZ at - Lm2 at - (5)

WszLgy lgs2 + Wy Lz lgr
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Vgs2 = Rsziqsz + Ls; “ac m2 5, + wsyLgalasy — (6)
wsZLmz idr
The fluxes (25):

®as1 = Lsilas1 + Lmalar (7
Pgs1 = leiqsl + Lipa iqu (8)
Par1 = Lrilars + Linalast )
Par1 = Lrliqu + Ly iqsl (10)
@as2 = Lsalasz + Lalarz (11)
Pgs2 = Lsziqsz + Lmziqrz (12)
@ar2 = Lyalgra + Linzlas2 (13)
Pqr2 = eriqrz + Lmziqsz (14)

The frequency response of both stators and rotors is
provided as follows (26):

Wg1 = Wgp = Ws1 — W1 (15)
Wsp = Wg1 — Wy1 — Wy (16)
Wrq = P12 17)
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The total electromagnetic torque (T,,,) of the cascade
is determined by the addition of the torques generated by
the two individual generators (25):

Tem = plel (idriqsl - idsliqr) + szmZ (idriqsz - (18)
idsziqr)

2. 2. Modeling of The Wind Turbine The wind
turbine harnesses the kinetic energy of the wind, resulting
in the rotation of its blades and the conversion of this
energy into mechanical energy, which drives the rotor of
the generator. The aerodynamic power (P;) and torque
(T,) associated with this process are represented by the
following expression (27):

Pe =5 Cp (4, B)pRenvs, (19)

P
T, =+
¢

(20)

The power coefficient is given by Kelkoul and
Boumediene (28):

€y = (03— 0.0167p) sin (ZH2D) —

10-0.38 (21)
0.00184(1 — 3)B

The gearbox serves to connect the generator and the
wind turbine, amplifying the rotational speed transmitted
from the wind turbine. The relationship between the
rotational speed of the generator and that of the wind
turbine is defined as follows (27, 28):

ﬂmec
0 == (22)

The fundamental equation that governs the dynamics
of speed and torques can be expressed as follows (27, 28):

. AQmec
J"a + fQmec = Tg —Tem (23)

3. CONTROL OF THE CDFIG

3. 1. Field Oriented Control It is a naturalistic
separation between the magnitude associated with the
flux (the excitation current) and that related to the torque
(the armature current), which makes the delay of torque
response decrease and increase the speed control rang.
Hence, a higher efficiency over a long-term steady state
load (9).

The initial stator flux ¢, is aligned with the d-axis.
When traversing along the g-axis, the flux of the first
stator remains consistently at zero (5).

Pdas1 = Ps1 (24)

@Ygs1 =0 (25)

By considering the resistance of the first stator
neglected, the voltages can be simplified as follows:

Vg5 =0 (26)

Vgs1 = Vs = ws1951 (27)

The voltages of the second stator in relation with the
currents, the first stator currents in relation with those of
the second stator. Hence, the active and reactive powers
are described by Maafa et al. (25):

_ . digsz
Vas2 = Rszldsz + (LSZ - C-Lmz) at -

) (28)
S. Ws1 (Lsz -C. Lmz)lqsz
. digsz
Vgs2 = Rszlqsz + (Lsz = C. Liyz) ac + (29)
. Lin1.Vs
S. Wgq (LSZ —-C. LmZ)ldSZ +C. SL—;
. Vs C.Lymq? L1 -
tas1 = L (1 + LSI.L;Z) ~ Cog las2 (30)
A L1
qul = _C.L_ﬂlqsz (31)
L .
Py = —C. Vs:lqsz (32)
=% Cm® _ ¢y b
Os1 = oo (1 + LSI.Lmz) €.V, las2 (33)
L
C — m2
Lr1+Lr2—LZ':112 (34)
S =51.5, = Ws1=2(p1+D;) (35)

Ws1

The first stator’s active and reactive powers (Ps;, Q1)
will be the output signals from the CDFIG that will be
controlled to achieve the tracking reliability of energy in
the WPCS.

3. 2. PI Controller The speed control loop, Pl
regulator structure is illustrated in Figure 2. The design is
based on the dynamic equation governing the behavior of
the rotating components:

The open-loop transfer function is expressed as
follows:

paki CLmiVs

Yy _ P Lsi(Ls2—C.Lm2)
Yref - P P Rs2 (36)
kp (Ls2—=C.Lm2)

Several approaches are used to calculate the parameters
k; and k, (29), by using the poles compensation
approach, the closed-loop transfer function is obtained

Y k; LV, Y
kp o —1 o
p LR+ plL,-CL,)

Figure 2. PI regulator structure
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as follows:
Yy 1
V.. Ls1(Lsz2—CLmz) 37
Yyer 1+P7’1p-c-211m1-vsz ( )
ki _ Rs2
Ky (Lsa=CLmz) (38)
The gains of Pl regulator are distinguished by:
— le(Lsz_C-Lmz)
kp - Tpr.C.Lm1.Vs (39)
_ Rs2 _ Lsi.Rs
ki = ke e )~ T e (40)
=
T eplgletie (1)
3. 3. Adaptive Control Architecture In order to

benefit the advantages of neural networks (NN) in power
control of the CDFIG, we will incorporate two blocks of
SHLNN alongside PI controllers. The first block will be
utilized in the d-axis, associated with reactive power Q,
and the second block in the g-axis, associated with active
power P. The purpose of integrating these components is
to enable the calculation of adaptive terms that actively
influence our system, with the goal of minimizing
tracking errors.

By implementing the SHLNN blocks on the d-axis
and g-axis, we enhance the capability of our power
control system. The SHLNN utilizes its neural network
architecture to learn and adapt to varying operating
conditions. It analyzes input data, such as voltage and
current measurements, and produces adaptive terms u,q
and u,gq, that can be used to adjust the control signals for
the CDFIG.

Inputs of NN blocks are:

- Forthe d-axis: [Vgsp; Qs1l
- Forthe g-axis: [Vgsz; Ps]

The outputs are A4 for d-axis and A, for g-axis, which
are considered as targets.

digs
L = vysa + Mg (42)

digs
2 — gz + Ay (43)

From Equations 5 and 6 we have:

digr

digs; _ Vds2 1 .
Tz = 202 1 (—Rygigsy + Lo 2+
dt Lgy Lgy dt (44)
WszLgy lgs2 — WszLima iqr)
digsz Vgs2 1 ( . digr
—— =——=4 —| =Ryl L -
dt Lsz + Lss s2%qs2 + m2 g,

(45)
WsaLgsalasy + WLz idr)

From Equation 37 The outputs can be distinguished as
follows:

1 . digr .
Ag= o (—Rszldsz + Lo = T WsaLgalgsz —
52 (46)
wsszzlqr
1 . diqr .
qu o (_RSZ lgs2 + Lima ac WspLslgsr +
2 (47)
wsZLmZ Lar

Figure 3 shows the adaptive controller architecture of
the CDFIG:

3. 4. Neural network Approximation Within a
feedforward neural network, information exclusively
goes in a singular direction, progressing from the input
layer to the output layer, without any reverse propagation
(30). In the context of controlling nonlinear systems,
neural networks (NNs) are commonly utilized as
adaptive components to offset the impact of uncertainties
present within the system. These uncertainties can
include unaccounted dynamics, parameters that vary with
time, and errors in modeling. NNs are favored for this
purpose due to their remarkable capability to
approximate continuous mappings of real values,
provided that an appropriate NN architecture is employed
(11), the general structure of NN is shown in Figure 4.

as2

oV p \
Ysg v
: Vq .AC . A | P
inverse Ves2| COFIG o
park v, Model .
: e, ' Ac | Ve L~q,
<1 ref

T SHLNN
B4 Block

Q

Figure 3. The adaptive control architecture of the CDFIG

—_—
—
—_—
input — output
vector vector
e [
—_— output

input
layer

hidden
layer

Figure 4. The structure of a single hidden layer neural
network
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The relation between the input and the output of a
SHLNN is given by Rahmani and Belkheiri (11):

Ynn; = Z?’il[wiﬂ’j@&l UjieXie + Upj) + Oi (48)

i=1,..,N; and xeRM
The previous NN equation can be represented in
compact form as follows (11):

Ynn = WT(p(VTx) (49)

3. 5. Application The learning procedure can be
accomplished through a diverse range of techniques,
wherein the weights are iteratively adjusted until the
generated output precisely matches the desired target
output (31).

The Levenberg-Marquardt (LM) algorithm is widely
recognized as one of the most prominent techniques for
resolving least-squares problems (32). It serves as an
approximation to the Newton technique aiming to
achieve the speed of the second-order training without
the necessity of calculating the Hessian matrix (31).
Following a sequence of approximations and
optimization steps, the weights are adapted using
Equation 50 (33, 34):

Wicrr = Wie = Ui+ Jic + 1) ey (50)

The LM method is integrated into Matlab software as
a function named “trainlm”, Figure 5 shows the training
process using the LM algorithm to train our system
within the Matlab environment. Notably, we employ a
hidden layer consisting of 10 neurons and conduct 1000
training epochs.

After completing the learning phase, we proceed with
implementing two SHLNN blocks in Matlab/Simulink.
These blocks are designed to estimate the adaptive terms
Uyg and u,g, Which will be utilized to counteract the
targeted disturbance terms Adand Aq. The adaptive
terms are calculated by the following equations:

Uga = W (VS ta) (51)

Uaqg = W (VS 1tg) (52)

ta = Vasz2 Qsal” (53)

o = [Vas2 Paa]” (54)
W is updated according to the following low (35):

W = —Faq[20(V{ aq)Taq + kag(W — Wp)] (55)

Taq = lagr — lagq (56)

4. THE WIND POWER GENERATION SYSTEM

The wind power conversion system's operational range
can be categorized into four distinct zones. The initial

zone, (1), during low wind speeds the electricity
generation is nearly impossible. In the second zone, (11),
the system utilizes the MPPT algorithm to effectively
manage its operations. This optimization process
considers  fluctuations in wind speed, thereby
maximizing power production. Moving on to Zone (I11),
which occurs when wind speeds exceed their nominal
values, the system adjusts the pitch angle to regulate the
produced electric power, maintaining it at or near the
nominal level. Finally, Zone (IV) represents a state of
strong winds that pose a potential threat to the wind
turbine. In such emergency situations, the wind turbine is
promptly halted to prevent any damage or harm (2).

4. 1. Maximum Power Point Tracking Strategy
(MPPT) The objective of MPPT algorithms is to
observe and optimize the utilization of power generated
by the WPCS (36). Numerous MPPT algorithms exist for
in the realm of wind energy, each of these algorithms
have their own merits and demerits. The optimal torque
control (OTC) is very simple in usage, fast speed
convergence and high effectiveness (37). This algorithm
focuses on measuring the generator rotor’s speed and
computing the required torque or power instead of
measuring the wind speed, the following control method
is employed to ensure that the generator torque remains
at its designated reference value (27):

Tem_ref = Koptﬂrznec (57)
1 Cp_max 1
Kopt = E ;%,pt pﬂ,’Rg E (58)

The power coefficient C;, depending on the velocity
ratio A and the pitch angle B reaches its maximum value
(Cp_max = 0.44) when the pitch angle is zero, thus the
velocity ratio becomes at its optimal value (A, = 7).

Figure 6 depicts the various components of the wind
turbine using a block diagram, with a specific highlight
on the MPPT strategy:

4. 2. The WPGS Based on The CDFIG  The process
of using the CDFIG as a wind turbine generator involves
several types of connections, one of them is by linking

Power
A

Nominal | _ _ _ _ _ _ _________
power

1 v

No
generation

MPPT
Strategy

No

Power limitin, .
§ generation

»

»
Wind velocity

Figure 5. The operational range of the WPCS
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v, turbine T,
Ju |

| 2 i
| Kopl‘Qmec |
| |
| |
| |

MPPT strategy

Figure 6. MPPT strategy usage in the wind turbine

the initial stator directly to the grid, while the second
stator is linked to the grid via an intermediate AC/AC
converter which allows the energy to be controlled and
transferred in both directions (6).

The WPCS based on the CDFIG is illustrated in
Figure 7.

5. RESULTS AND DISCUSSION

The parameters of the generators and the wind turbine
used for the simulation have been selected from literature
(25).

The simulation was done using MATLAB/Simulink
environment. In the first case, the Pl controller
implemented alone to control the active power and
reactive power. In the second case, the neural network
will be added alongside to the PI controller. The results
show the difference between both cases. Figure 8 shows
the wind velocity profile. Rotor speed in RPM is
illustrated in Figure 9.

The wind speed varies between approximately 6 m/s
and 13 m/s. The pattern of changes in wind speed is
irregular, with several peaks and dips, indicating
variability in wind conditions.

The active power of the first generator; first case and
second case controlled by the PI controller are shown in

Grid

Power controller

Figure 7. The WPCS based on the CDFIG

@
E o
=
]
8
%
6
% | | | ‘
0 2 4 6 8 10
Time[sec]
Figure 8. Wind velocity profile
900
800
700
e 600
£
- 500
3
Q
£ 400
i=]
S
@ 300
200
100
0 ! 5 5
0 2 4 6 8 10

Time[sec]

Figure 9. Rotor speed

Figures 10 and 11, respectively. The reactive power of
the first generator; first case and second case are shown
in Figures 12 and 13, respectively. It is evident that the
active and reactive power cannot closely track their
reference values during periods of rapid strong wind
velocity variation as we can see in Figure 10 the power
error amount to 100 kW. However, when neural network
is introduced in conjunction with the PI controller, a
significant enhancement in results becomes apparent. In
Figure 11, the active power plot demonstrates a near-
elimination of errors. This improvement is further
highlighted by examining the transient response, which
is markedly better in the second case. The transient
response, a critical aspect of wind generation systems,
demonstrates an enhanced ability to quickly and
efficiently adjust to changes in wind speed and load
demands. This rapid adjustment capability is vital for
maintaining system stability and ensuring consistent
power output. In Figure 13, the reactive power plot shows
a remarkable reduction in errors by 60 KVA.

These results provide compelling justification for the
accurate identification of inversion errors (44) and (A4)
by the adaptive terms (u,q) and (u,q), respectively, as
depicted in Figures 14 and 15.
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Figure 10.

Ps1, Ps1ref(W)
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Figure 2. The reactive power of the first generator; first case
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Figure 5. Identification of A4 by NN
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The neural network weights history of the active
power and the reactive power are shown in Figures 16
and 17, respectively. As observed the weights are chosen
carefully and accurately to adapt with the system and to
provide a better control command the values of this last
are in between -40 to 40 for the NN of the reactive power
and -40 to 90 and for the NN of the active power the
initial weights were selected using the developer
expertise and are optimized during the training session
for best outcomes.

This improved performance can be attributed to the
neural network's ability to predict and compensate for the
system's behavior more effectively than the conventional
PI controller, which is based on fixed gains and does not
adapt to changing conditions dynamically.

6. CONCLUSION

The integration of neural network with a Pl controller in
wind generator control systems has proven to be a highly
effective approach for enhancing performance,
particularly in the presence of rapidly changing wind
conditions. The results clearly demonstrate a remarkable
reduction in errors and a significant improvement in the
accuracy of power control.

This study serves as a strong foundation for the
application of neural networks in renewable energy
systems, offering the potential for improved efficiency
and grid stability. The carefully chosen and optimized
neural network weights play a critical role in adapting to
system dynamics, ensuring a robust control strategy.

As the renewable energy industry continues to grow,
innovative solutions like the one explored in this study
will become increasingly important in harnessing the full
potential of wind energy and addressing the challenges
posed by variable wind conditions. It is clear that neural
networks hold great promise for the future of the wind
energy generation, offering a path toward more reliable
and efficient power production.
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