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In this paper, vector orientation and neural networks are used to simulate and
regulate a Doubly Fed Induction Generator (DFIG) wind turbine. The
aerodynamic turbine and DFIG dgq models are developed. Pl current
regulation is used in vector control to separate active and reactive power
control. To reproduce the PI response, training networks create a different
neural vector control scheme. Comparative simulations confirm the
effectiveness of both control methods in following set points and
counteracting disturbances. The neural vector control scheme outperforms
the PI scheme in managing short-term changes. In contrast to the PI control,
it has quicker response times for both rising and settling. Neural vector
control enables precise and rapid tracking of electromagnetic torque. Neural
vector control could improve the performance of DFIG wind turbines
because it has an adaptive architecture that lets it respond well to changes in
parameters and maintain its accuracy over time. Additional investigation is
needed to improve neural network training techniques and incorporate them
with conventional control systems.
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NOMENCLATURE / SYMBOLS

DFIG Doubly .fed induction generator (Idr ,1gr),(lds ,1gs) Components (d,q) of rotor and Stator current
PWM Pulse Width .Modulation (\Vdr ,Var),( Vds ,Vas) Components (d,q) of rotor and Stator voltage
ANN Artificial Neuron Network Rs ,Rr Statoric and rotoric winding resistors

CLTF Closed Loop Transfer Function [Msr] Matrix of stator-rotor mutual inductors

Lm Magnetizing inductance Cem Electromagnetic torque

[Lss] Stator Inductor Matrix (edr, @qr) d and g components of rotor flux.

[Lrr] Rotor Inductor Matrix Ls Stator Cyclic Clean Inductance

Q Reactive Power Lr Rotor Cyclic Clean Inductance

P Active power (pds , ¢gs) d and g components of stator flux.

1. INTRODUCTION

Double-fed induction machines (DFIG) are frequently used in variable-speed wind turbines. DFIG
optimizes power capture from fluctuating winds by adjusting rotor speed. Both the stator and rotor regulate
rotor excitation, allowing for variable-speed operation. DFIG provides advantages in converter size compared
to direct-drive synchronous generators. Sophisticated control enhances the performance of Doubly Fed
Induction Generators under changing wind conditions. The dual-fed induction machine has been thoroughly
studied in electro-technical labs to understand its evolution and application areas [1], [2]. Contemporary drive
systems necessitat4e accurate and uninterrupted regulation of speed, torque, and position while also
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guaranteeing stability, responsiveness, and optimal efficiency. Since the 1960s, advancements in power
electronic components and computing have gradually replaced traditional generation systems with more
advanced static converters, allowing for better control of electrical machines [3], [4].Utilizing a dual-fed
induction machine (DFIG), which powers the stator with a constant supply and the rotor with a variable
supply, is a new strategy for high-power applications [5], [6].

To match the performance of the DC machine, it is necessary to separate the flux and
electromagnetic torque. As a result, field-oriented control technology was developed. The objective is to
implement vector control on a transformer-powered rotor and control the Doubly Fed Induction Machine
(DFIM), which functions like a DC machine with separate flux and torque. A variety of linear and nonlinear
control technologies, both conventional and Al-based, have been created for industrial use, providing easy
operation, setup, and management [7], [8].A lot of people have studied doubly-fed induction generators, such
as H. Benbouhenni et al. [9], Abdulghafour H. et al.[10], Modeling and Control of a Wind Turbine Based on
a DFIG [11], F. Moulay et al.[12], M. Lamnadi et al. [13], and Nathan O.F. [14]. They have examined their
behavior in relation to rotor and stator currents and methods for regulating their speed. Various control
strategies have been examined, such as vector control, direct torque control, model predictive control, and
artificial intelligence techniques.

The objective is to attain optimal variable-speed operation, enhance power capture from varying
wind speeds, maintain stability during grid disturbances, and enhance overall performance and efficiency.
Simulation and experimental results have been shown for various DFIG control strategies. The results offer
valuable information for creating sophisticated control systems to maximize the efficiency of DFIG-based
wind turbines. Opportunities for innovation in this field persist through new methods such as machine
learning and model-free control paradigms [15], [16], [17].

This paper seeks to analyze and regulate a DFIG incorporated into a wind turbine through the
application of artificial intelligence methods. The article provides an in-depth examination of the DFIG-based
wind energy conversion system, which involves modeling the wind turbine powering the DFIG. The system
comprises a DFIG that is directly connected to the power system. Vector control is used to independently
adjust active and reactive power by aligning the stator flux. Neural network control is implemented to
enhance the robustness of DFIG controllers against parameter variations. By comparing their performance, it
was found that direct neural network control with neural Pl regulators was better than conventional vector
control with PI regulators. Industry benchmark references from the literature were used to validate the
simulation results.

2. MODELING AND DESCRIBING THE SYSTEM

Figure 1 illustrates the entire system, which consists of two converters: a rectifier and an inverter. as
referenced in source . An in-depth evaluation and analysis of the mathematical model of the electrical system
are crucial for effective management. This entails examining particular assumptions to create a streamlined
model [18].

Prref =31 controlier € uc
Qrref =31 DFIG/ Network]

Figure 1. Wind energy system using DFIG

2.1. Wind Turbine modeling

Turbines can be oriented with either vertical or horizontal axes. Contemporary turbines typi-cally
feature a horizontal axis with two or three blades and can be oriented towards or away from the wind. The
kinetic energy of air particles moving through the turbines swept area, S, is what produces wind power. The
mechanical power can be represented as [12], [19]:
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Poer = Cp. P, = Ep.TERZ.V3.Cp(7\, B) @

Where the power coefficient, Cp(A,f), is dependent on the pitch angle B and the tip speed ratio A.
The air density is represented by p, the rotor radius by R, the wind speed by V.
The blade speed to wind speed ratio is known as the tip speed ratio [12], [19]:

A= ‘”tu;bine * R (2)

Where: wiurbine 1S the angular speed of the wind turbine rotor.
Albert Betz determined the maximum power coefficient Cp in 1920 to be:

Cpmax = ‘:;“ ~ 0.59 3)

An analytical formula for determining the (Cp=f(A,b)) of high-speed rotating wind turbines with 2 or
3 blades is provided by equation (4). This formula relies on empirical data from sources [13] and [20].

TL(A+0.1)
10-0.3p

Cp = f(A,B) = (0.3 — 0.00167. B).sin(

) —0.00184(A — 3) 4)

Figure (2) displays the relationship C, and 1 for different blade pitch angles.
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Figure 2. Function of tip speed ratio (L) on aerodynamic coefficient

The aerodynamic torque is directly determined by the turbine speed, according to reference [13] .

Paer _ 1 1
Caer - “’tuiteJine B Cp * Pv B EpT[RZV?)Cp()\, B)-‘J"turbine (5)
Total inertia J includes referred turbine inertia and generator inertia [21], [22].
Jturbine
] = % + ]g (6)

Where: Jurine and Jg represent the inertia of the turbine and the generator, respectively.
The fundamental dynamic equation evaluates the variation in mechanical speed by assessing the
total mechanical torque (Cmec) acting on the rotor. This total torque is made up of the electromagnetic torque
(Cem) from the generator, along with the viscous friction and gearbox torques. [12]

Cmec = Caer — Cem — Cyis (7
Cmec = Caer — Cem — . Wpmec (8)

The variables Cpec , Caer f, and omec are represent electromagnetic torque, aerodynamic torque,
friction, and mechanical speed of DFIG, respectively.
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2.2. Modeling DFIG

Two-phase d-q models acquired through Park transformation are frequently utilized to enhance the
modeling of doubly fed induction generators. The dynamic model in the d-q frame comprises electrical
equations (9) and magnetic equations (10). [8], [11], [23].

dosq

Vea = Rglsq + T Psq- Ws
_ desq
Vsq - RsIsd + dat Psq- Wg
dor
{ Vra = Releg + % — @Prg- (ws — o) )

de
qu =Rl + Trq — Prg- ((*)s - wr)
_ o,

wg =

dt
Pgs = leds + Msrldr
Qgs = LSIqs + Msrlqr

{Par = Lilar + Mgrlgs (10)
Pgr = LrIqr + Msrlqs
6,
ws =—

dt
The expressions for the currents in terms of the fluxes are as follows:
1 Msr
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1
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1 M
I - _ SI
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dfg
wWg = —
s dt

lgs =

Where: wg and w,. , denote stator pulsation, rotor pulsation, respectively
The expressions of the electromagnetic torque, active power, and reactive power in the dq reference
frame are given by the following Equations (12), (13), and (14):

Com = 3 P1- (€gslar — Parler) (12)

{Ps = 2 (VasJas + Vs lgs) )
P = 2 (Varlar + Varlgr)

{Qs = 2 (VgsJas + Vaslgs) )
Qr =2 (Varlar + Varlqr)

3. VECTOR CONTROL OF DFIG

We demonstrate the ability to control both the active and reactive powers of the machine
independently through the direct vector control method. This method involves disregarding the coupling
terms and applying a separate controller to each axis. Next, we achieve a vector control system with one
controller for each axis, as depicted in Figure 3.

The direct vector control method enables separate control of the active and reactive powers of the
electric machine by converting the machine variables into a rotating reference frame. In this dq reference
frame, the d-axis current component controls active power, and the g-axis current component controls
reactive power. [15], [24] When the coupling terms between the d and g axes are disregarded, the analysis
simplifies, focusing solely on the individual effects of each axis., we can create individual PI controllers for
each axis. The d-axis Pl controller manages the active power by regulating the d-axis current. Similarly, the
g-axis PI controller manages the reactive power by regulating the g-axis current.

This decoupled control method significantly simplifies the vector control system's design. Figure 3
illustrates the configuration of a vector control system utilizing one PI controller for each axis. This system
allows us to independently regulate both the active and reactive powers of the electric machine.
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Implementing decoupled PI control on each axis removes the necessity for intricate feed-forward or model-
based control strategies. Furthermore, Figure 4 displays the comprehensive control system for turbine
gearboxes.

— (D

Power active

Power reactive

Figure 3. Overall vector control scheme of (DFIG)
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Figure 4. Overall vector control scheme of the turbine

4.  SYNTHESIS OF A PROPORTIONAL-INTEGRAL (PI) CONTROLLER

We will now begin creating the controllers needed to implement this control system. A proportional-
integral (PI) controller is created. This controller is utilized to regulate the (DFIG) when it is functioning as a
generator. Figure 5 displays the system diagram that has been put into practice. The regulator's Kp and Ki
gains are determined through pole compensation to achieve a 10 ms response time, which is adequate for our
specific application as stated in reference [25]. The open-loop transfer function with regulators is FTBO for
the d and g axes.

Vs.Lm
Yref Kp+Ki | Ls >Y
S (Lr-Lm). S +Rr
Ls

Figure 5. Block diagram of a system with a PI controller

Subsequently, the transfer function for the closed-loop system can be formulated as:

FTCL = — (15)

1+1,.S
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. sbr—7)
With: t, = —
KmeVs

The controllers' gains are determined by the machine parameters and the desired response time.

L
Ls (Le—2)
b= Ls

TrLmVs

K; = _LsRr (16)

TrlmVs
Ki _ LsRr

Kp L3
P Lg(Lp—ni)
S

5. CONTROLING THE DFIG MACHINE USING NEURAL PI

ANNs mimic the human brain's structure, using interconnected artificial neurons. These networks
feature weight-based connections, analogous to synapses. While a single hidden layer can model any
function, optimal network architecture is determined empirically. ANNs can have diverse structures with
multiple layers, adapting to various computational tasks.[26], [27], [28]. The mathematical model for a neuron
in the 1l-th layer is given by:

Y = f(EM W X; + b)) (17)

This work uses a Multi-Layer Perceptron network composed of several layers. The input layer
receives data, followed by hidden layers between the input and output, all in a feed-forward structure without
feedback connections. The final layer provides the desired outputs.[29], [30], [31].

The proposed static MLP neural controller, shown in Figure.6, features the input layer consisting of
2 neurons,one for wind speed and the other for mechanical speed, two hidden layers with hyperbolic sigmoid
functions (as in equation 18), and a single neuron in the output layer for reference electromagnetic torque
using a linear function. Optimal results are achieved with a configuration of one neuron in the input and
output layers and a hidden layer with three neurons (Figure.7), due to the structural similarity between Layers
1 and 3.[29], [30], [32].

_ 1l—exp (-2x)
sgm = 1+exp (—2x) (18)
i
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Figure 6. Structure of a Standard Neural Network

The data was divided into 70% training, 15% testing, and 15% validation. The MLP, shown in
Figure.(8a), was trained with the Levenberg-Marquardt algorithm for its efficiency and reliability. [8], [29].
Training was limited to 100 iterations, as further iterations did not enhance performance.

As shown in Figure (8b), the proposed structure (2-5-5-5-1) quickly converged to the optimal
solution by the 30th iteration, with minimal error variation afterward, reaching an error of 3.62x10—4. The
total number of iterations was set to 100.
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Neural network control involves designing a neural network controller based on an existing
proportional-integral (PI) controller. The neural network is trained to replicate the input-output behavior of
the PI controller. The Levenberg-Marquardt algorithm is used to optimize the network by adjusting its
parameters (weights and biases) to minimize the error between the neural network and PI controller outputs.

el
& ~

p{1) Delays1 IW(1,1) X

b{1)

12(2,1)

(2,1 — L
s IW(2,1}(2,'

Figure 7. Block diagram of numerical controller ANN

The training process iteratively updates the network parameters to minimize the mean squared error
between the PI controller's target output and the neural network output. The Levenberg-Marquardt algorithm
efficiently navigates the error surface to find the optimal parameter set that reduces network error. Once
trained, the neural network can mimic the Pl controller's response to various system disturbances and
operating conditions using the learned weights and biases. Neural networks surpass traditional PI controllers
by capturing complex, nonlinear system behaviors more effectively.

The neural controller demonstrates greater adaptability and resilience across a broad spectrum of
operating conditions compared to the Pl controller. Neural network control utilizing pre-existing
proportional-integral knowledge offers a more robust and adaptable control solution. [8], [27], [28].

Figure 9 illustrates the general layout of direct vector control with neural network controllers.

Training a neural network involves modifying its behavior to approach a specific objective.
Typically, this objective is accomplished by either approximating a group of examples or optimizing the
network's state by adjusting its weights to reach the minimum of a predefined cost function. Training
procedures are utilized to establish the network parameters to ensure appropriate behavior for specific inputs
based on the level of supervision applied during training. [33], [34], [35].

Regulation of Active and Reactive Powers in Doubly-Fed Induction.... (Mohammed Bouzidi et al)
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Figure 9. Direct vector control of a DFIG with neural network controllers

6. RESULTS. AND DISCUSSION
The wind system was modeled using MATLAB/Simulink software. Implementing or simulating
wind energy conversion is essential for validating our theoretical research. The stator of the machine is linked
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directly to the three-phase grid. A Pulse-Width Modulation (PWM)-controlled three-phase inverter drives the
rotor. Table 1 contains the parameters for the DFIG and turbine system.

The parameters are selected to ensure optimal performance of the wind power system
(Turbine/DFIG). Mechanical values like viscous friction coefficient, moment of inertia, and turbine radius
are crucial for determining the system’s response and efficiency in converting wind energy to mechanical
energy. Meanwhile, electrical characteristics such as winding resistances and self-inductances directly impact
power generation efficiency and system performance, ensuring the system operates effectively at its nominal
power rating.

Table 1. Parameters of a wind power system [22]

TURBINE
Coefficient of viscous friction of the DFIG. f=0,0024 N*m.s*
Inertia of the shaft. J=1000 Kg .m?
Wind turbine radius. R=35.25m.
Gain of the speed multiplier. G=90
Air density p=1225Kg/m?

DFIG

Stator. resistance per phase Rs=0,012 Q
Rotor. resistance per phase Rr=0,021 Q
Self-.inductance of the stator per phase Ls=0,0137 mH
Self-.inductance of the rotor per phase Lr=0,0136 mH
Mutual inductance M=0,0135
Nominal power 1,5 MW

We connected our Doubly Fed Induction Generator (DFIG) to a turbine operating at a constant
mechanical speed, approximately equal to 180 rad/s, Figure 9.

200
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=
s
2100
=
2
g
Z 50
=l
=
=
[] 1 I
0 0.5 1 1.5

Time (Sec)
Figure 9. Mechanical turbine's speed

Figures (10) and (11) display the system's responses using two controllers. The generator, equipped
with both controllers, effectively carries out the active and reactive power adjustments.Upon closer
examination; it is evident that the neural controller has a quicker rise time compared to both control types,
which exhibit similar overshoot. The PI controller is slightly more effective for active power; whereas the
neural controller exhibits reduced overshoot in reactive power.

The neural scheme is favored due to differences in response time and steady-state error. Both the
power tracking and disturbance rejection are sufficient. The PI control exhibits increased oscillations, but
maintains continuous tracking of the reference signal in steady-state compared to the neural control. The
simulations confirm that the adaptive-parameter neural controller is superior because of its fast response
speed. The PI controller improves steady-state performance by providing smoother responses and reducing
errors.

The stator reactive power (Qreal, QNeural) is dependent on the direct rotor current Idr. The stator,
active power (Preal, PNeural) is dependent on the quadrature rotor current (Idr, 1drN) and (Igr, 1grN) figure
(12). When the active or reactive power changes quickly because of the inverter rotor switches switching on
and off, the d and g control axes move back and forth in small waves.

The stator active power depends on both the actual and neural network-based quadrature rotor
currents, as depicted in the figure 12. The stator's reactive power depends on the direct rotor current. Both
scenarios exhibit a noticeable impact of coupling between the d-axis and g-axis controls. Minor oscillations
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occur when there is a sudden change in active or reactive power due to the switching of rotor inverter
switches.
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Figure 10. Active Power Performance (Direct Vector and Neural Network)
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Figure 11. Reactive Power Performance (Direct Vector and Neural Network)

Figure 13 displays the electromagnetic torque outcomes for the DFIG controlled by direct vector
and neural network methods. The neural network control exhibits quicker rise time and settling time in
response to torque. Vector control offers increased damping but exhibits slower dynamics. Both methods
accurately monitor the torque reference under stable conditions, while the adaptive neural network controller
shows enhanced transient performance.
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Figure 13. DFIG Electromagnetic Torque (Vector Control and Neuron)

7. A COMPARATIVE STUDY OF THE PROPOSED NEURAL NETWORK TECHNIQUE AND
EXISTING RESEARCH PAPERS

Table 2 compares the proposed methodology for regulating active and reactive power in doubly-fed
induction generators using artificial neural network controllers with other techniques such as RBFFNN,
ISMC, NDVC, and RT2FNN. The comparison is based on the system's response time.

Based on the results presented in the table, it is observed that the proposed technique using Artificial
Neural Network (ANN) controllers is the most effective compared to the other methods. The proposed
technique shows the fastest response time for both active and reactive power, with a response time of 0.025s
for active power and 0.018 seconds for reactive power. In contrast, other techniques such as RBFFNN,
ISMC, NDVC, and RT2FNN are less efficient, with active power response times ranging from 0.051 seconds
to 1.78 seconds, highlighting the superiority of ANN in dynamic control.

The table.3 presents a comparison of various techniques for reducing ripples in P and Q . The ANN
(Artificial Neural Network) technique used in the current study, titled "Regulation of active and reactive

Regulation of Active and Reactive Powers in Doubly-Fed Induction.... (Mohammed Bouzidi et al)
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powers in doubly-fed induction generators utilizing proportional-integral and artificial neural network
controllers", demonstrates noteworthy performance.

This technique achieved high reduction rates of 75% for active power and 80% for reactive power.
These figures indicate noteworthy efficacy of the ANN technique in improving the performance of doubly-
fed induction generators. The results showcase ANN's capability to achieve a good balance in ripple
reduction for both active and reactive power, thereby enhancing power regulation efficiency in these systems.

This performance underscores the promising potential of ANN in the field of power quality
improvement and regulation in electrical power generation systems. The high reduction rates achieved by
ANN highlight its effectiveness in addressing power quality issues and optimizing the operation of doubly-
fed induction generators.

Table 2. Comparison of response times for Active and Reactive power

Technique P response time [s] Q response time [s] Reference paper
ANN 0.025 0.018 Proposed technique
ANN 0.028 0.021 [28]

RBFFNN 1.33 / [36]
ISMC 0.051 0.052 [8]

NDVC 1,78 / [37]
RT2FNN 1.7 / [38]

Table 3. Comparison of ripple reduction rates

Ratios (%)
Technique Active power (W)  Reactive power (VAR)  Reference
ANN 75 80 Current study
DRAPC-MSCT 73.33 84.50 [39]
Backstepping control 28.57 46.93 [40]
DPC-ANN 66.29 66.29 [41]
DPC-NF 57.74 67.13 [41]

8. CONCLUSION

This paper looks at the similarities and differences between PI controllers and neural network
controllers in order to control doubly-fed induction generator wind turbines. When induction generators
power wind turbines, Pl controllers are used to steer them. It is possible to separate power sources by using
indirect rotor vector control, but PI control is not very reliable. It is possible to separate power sources. We
show how to build a neural network that uses backpropagation to make it work better, respond faster, and be
able to handle changes in parameters over Pl control with only slightly bigger oscillations. This building's
design is shown here. You can read about this architecture in this paper. One way to show this point is
through the use of simulations.
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