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The virtual synchronous generator (VSG) is commonly used to reproduce
the inertial response of conventional synchronous machines. However, the
VSG control architecture relies on controller chains, benchmark
transformations, and parameter settings, including virtual inertia and
damping, which limit its flexibility in highly dynamic environments. This
paper proposes an innovative end-to-end control approach based on a neural
network to fully replace the classical VSG control structure. The neural
network developed is trained to directly generate inverter control signals
from real-time electrical measurements, including voltages and currents, as
well as active and reactive power. A dataset is generated from a detailed
VSG model under different operating conditions, and then a multilayer
neural network is trained using supervised learning with MATLAB. The
resulting model is then integrated into a complete wind energy conversion
chain simulated in Simulink. The simulation results demonstrate that control
based on artificial neural networks ensures better frequency and voltage
stability, more accurate tracking of the active power injected, and a
significant improvement in power quality, with total harmonic distortion
(THD) reduced to 0.04%, compared to 0.51% for conventional VSG control.
These results confirm the potential of artificial intelligence-based approaches
for the intelligent control of renewable energy systems.
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1. INTRODUCTION

The extensive integration of renewable energy sources, particularly wind power, has transformed
modern power grids, with global cumulative wind power capacity reaching around 1 136 GW by the end of
2024 [1]. These generation sources are often connected to the grid via permanent magnet synchronous
generators (PMSGs) and power converters to ensure an injection that meets the requirements of the power
grid [2], [3]. In this context, the concept of the virtual synchronous generator (VSG) has emerged as an
effective solution for artificially reproducing the inertia of synchronous machines by injecting a calculated

inertial response [4]-[6].

The classic VSG structure is based on the swing equation, combined with voltage and reactive
power regulation by Q-V or frequency and active power regulation P-f loops, followed by sinusoidal pulse
width modulation (SPWM) [7]. Although this architecture is robust and based on established physical
models, it has several limitations, including the need for accurate grid and machine modeling, which is
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challenging in unstable or changing environments [8]. In addition, this approach is sensitive to proportional -
integral (PI) controller tuning errors, the alignment of abc/dg Park transforms, and the quality of frequency
filtering [9]. Parameters such as virtual inertia J or damping factor Dp are generally fixed, which reduces the
system's adaptability [10].

Recently, artificial neural networks (ANNs) have demonstrated their effectiveness in modeling
nonlinear systems, dynamic prediction, and command generation in complex contexts [11], [12]. In
particular, several works have proposed neural models to dynamically adjust VSG parameters [13] or to
replace certain control blocks with learned submodels [14]. However, few works go so far as to replace the
entire VSG architecture with a single neural model, capable of directly generating inverter control pulses
from local electrical measurements.

In this study, we propose direct end-to-end control using a supervised neural network. By generating
a dataset via simulation in Simulink, we train a neural model in MATLAB. This model learns to associate the
electrical states of the system with the control pulses required for direct current (DC)/alternating current (AC)
conversion. This model is then integrated into a complete wind turbine conversion chain and compared with
a conventional VVSG control system in terms of stability, frequency response, and harmonic distortion criteria.
Unlike previous hybrid ANN-VSG approaches that only replace or tune specific control loops, the proposed
method performs a complete neural substitution of the VSG structure, enabling a simplified and adaptive
controller suitable for real-time and embedded implementation.

2. WIND ENERGY CONVERSION CHAIN

Figure 1 illustrates the wind energy conversion chain, which includes the wind turbine, the PMSG,
and the three-phase rectifier. It also consists of a chopper equipped with maximum power point tracking
(MPPT), optimal torque algorithm control, and a DC bus. Additionally, the system incorporates a two-level
three-phase inverter with VSG control, an LCL filter, and the three-phase grid [15].
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Figure 1. Diagram of the VSG control system integrated into the wind turbine conversion chain
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3. CLASSICAL VSG
VSG control aims to reproduce the dynamic equations of a rotating synchronous machine.

3.1. Virtual inertia equation
Swing's equation, after applying the fundamental principle of dynamics to a rotating mass, is as (1).

Jap =%C=Cpr—Ce 1)

Where J is the total moment of inertia, a,, is the angular acceleration of the rotor, Ce. is the electrical torque,
and Cp, is the mechanical torque. Depending on the power and damping terms of the synchronous machine,
the swing becomes as (2) [15].

dom
jwm%ZPm_Pe_Dp(wm_wref) (2)

Where wnm is the rotational speed, Pn is the active mechanical power, P. is the electrical power, Dy is the
damping factor, and wrer is the reference angular velocity.

3.2. Voltage and reactive power control
Voltage control improves stability and prevents current spikes. At the neutral point of the inverter,
the voltage is given by (13) [16].

V2U,;, = G(5)(V2Uyep —V2U,) ®3)

Where U is the inverter reference voltage, and Upy is the inverter phase voltage. The relationship between
reactive power and voltage is given (4).

Dq\/i(Un - Uref) = Qe = Qrer (4)

Where Dy is the droop coefficient of reactive power and voltage, Un is the output voltage, Qe is the reactive
power, and Qrr is the reference reactive power. By integrating F(s) = D, /sk;, the (4) becomes (5) [15].

\/EEph = kLiS(Qe ~ Qres +Dq (\/ZU" B ﬁuref)) ©

3.3. Voltage and current loops
To further improve voltage and current outputs, two loops have been added: an internal current loop
and an external voltage loop.

3.3.1. Voltage control
The DC circuit of the inverter is represented by (6) [17], [18].

d . .
Cpc d_lt} =1 lipy (6)

V" is equal to zero, assuming that the ‘d’ axis is parallel to the AC mains voltage.

€]+ colo] = G+ 29 [ =] )

With iq" and iq" corresponding respectively to the components of the output current along the d and g axes.
(C) The capacitance of the filter capacitor. vq and vq are the components of the output voltage along the d and
q axes, respectively. vq“ and vq" correspond respectively to the components of the DC bus reference voltage
along the d and q axes.

3.3.2. Current control
The voltages on the grid side of the power conversion chain are expressed in terms of the parameters
of the LCL filter and the common coupling point representing the three-phase inverter as (8) [17], [18].
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Where mq and mq are the output reference values of the d and g axes of the current loop. vq and vq are the d-
and g-axis voltage components of the common coupling point, respectively. Ly and Ry are the inductor and
resistor of the mains-side filter, and o is the angular frequency of the mains voltage. And ig, iq, id", and iq"
indicate the d- and g-axis components of the mains-side currents and the reference output currents of the
voltage loop, respectively.

3.4. Limits of classical control

Conventional VSG control, while emulating the behavior of a synchronous machine, suffers from
several major limitations, making it ineffective in dynamic environments, such as microgrids with high
penetration of renewable energies. Its fundamental parameters (virtual inertia J and damping coefficient Dp)
are generally fixed, preventing it from adapting to rapid variations in the grid (load changes,
voltage/frequency fluctuations), which can lead to inadequate or unstable response [19].

The sensitivity of its PI controllers requires fine-tuning, often heuristically, otherwise overshoot,
oscillation, or slow response may occur, particularly during network disturbances [20]. Its computational
complexity, due to multiple coordinate transformations and nested control loops, can add to the real-time
load on embedded platforms. In addition, it lacks mechanisms for dynamic adaptation to sudden changes in
the environment, such as grid voltage variations or load disconnection. Dependence on accurate system
modeling also compromises performance in the presence of uncertainties or non-linearities that are not taken
into account [21]. Finally, conventional VSG control takes no advantage of historical data or past system
behavior, acting without predictive capability or adaptive learning, unlike more recent approaches based on
artificial intelligence or adaptive control [22].

4.  SUPERVISED NEURAL NETWORK

The proposed approach aims to replace conventional VSG control with a supervised neural network
capable of directly generating inverter control signals from measured electrical quantities. This methodology
relies on supervised learning techniques. It is structured into three main stages: data generation, model
training, and integration into the converter chain [23].

4.1. Dataset generation

A crucial step in training a high-performance neural network is the creation of a high-quality
training dataset. In our case, this training data is generated from a VSG model simulated in
MATLAB/Simulink [24], [25]. At each point in the simulation, the input variables of the future neural
network are measured. These are the system’s key electrical quantities: voltages in the dq frame (vq, vq), Stator
currents in the dq frame (i, iq), injected active power (P¢), and injected reactive power (Qe). At the same time,
the corresponding output signals, which serve as ‘ground truth’, are collected. These signals are the PWM
pulses generated by the SPWM modulator of the classic VSG.

4.2. Neural network training

Training the artificial neural network involves using the data collected by a supervised learning
model. It aims to form a direct non-linear mapping between inputs and outputs, in this case, the six measured
electrical quantities and the PWM pulse signals. The neural network used in this study is the multi-layer
perceptron (MLP), which is represented by a feedforward architecture widely used for regression and
classification tasks [26], [27]. The architecture of the MLP is shown in Figure 2.

Non-linearity is introduced by applying an activation function [28] to the weighted sums of the
inputs of each neuron in the hidden layers and the output layer. The network is trained using the ‘fitnet’
function in MATLAB. This function is used to configure and train a feedforward neural network for
regression tasks. The Levenberg-Marquardt algorithm [29] is generally used for this function. It combines the
fast convergence near the minimum of the Gauss-Newton method and the robustness far from the minimum
of gradient descent, for improved nonlinear optimization.

The training steps are shown in Figure 3, with the initialization of the connection coefficients
between neurons (weights) and the values added to the weighted sum of inputs (bias) [30]. This is a crucial
step in enabling the network to learn different features. Next, forward propagation is used to transmit the
input data through the network layers. Application of an activation function to the weighted sum of inputs
produces the neural outputs [31]. The error calculation is a comparison between the output generated by the
neural network and the output of the ‘ground-truth” VSG model [32].
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In this case, to quantify the difference between predicted and actual output, a cost function such as
the mean squared error (MSE) is calculated. The calculated error is propagated from the output layer to the
input layer through the neural network. The backpropagation algorithm minimizes the cost function by
calculating the gradients of this function to each weight and bias of the network, indicating
the necessary adjustments. This algorithm is called backpropagation [33], and it calculates the gradients of
the cost function concerning each weight and bias in the network, indicating the necessary adjustments.
Afterwards, an update is applied to find the weights and biases that enable more accurate prediction of PWM
pulses [34].

Once the error reaches a 10 threshold, or performance no longer improves on a separate validation
set, the repetition process on the ‘epoch’ training data set is stopped. To prevent overfitting, it is necessary to
use a validation set. This occurs when the model loses its ability to generalize to unseen data, even if it learns
the training data too well.

Inﬁut layer 2 Hidden Output layer
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Figure 2. MLP architecture
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Figure 3. Supervised training process for a neural network, including forward propagation, error calculation,
backpropagation, and weight updating
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4.3. Neural model integration

Once trained and validated, the artificial neural network is integrated into the wind energy
conversion chain to replace conventional VSG control, as shown in Figure 4. This ‘end-to-end’ approach
consists of generating PWM pulses from electrical ratings measured in real time, using the network's learning
capabilities [35]. This integration offers several significant advantages, such as simplification of the control
structure, as the neural network replaces a complex set of controllers, transformations, and modulation
modules, which can reduce the computational load and complexity of implementation on embedded platforms,
once the model has been trained [22], [36]. Increased adaptability and robustness, having been trained on a
variety of scenarios, the neural network can intrinsically adapt to network variations and disturbances,
without requiring manual adjustments or explicit adaptation mechanisms for each parameter [37].

It can handle non-linearities and model uncertainties that conventional controllers struggle to
address [38]. With improved dynamic responsiveness, the neural network's ability to process information in
parallel and generate direct commands can potentially lead to faster response times and better transient
system performance [39]. Integration of the neural model in Simulink enables rigorous validation of its
performance in a complete system environment by directly comparing its behavior with that of conventional
VSG control.
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Figure 4. Integration of the trained neural network in the energy conversion chain, replacing the conventional
VSG control

5. RESULTS AND DISCUSSION

The performance of the neural network control was evaluated and compared with that of the
conventional VSG control through simulations in MATLAB/Simulink. Figure 5 shows the rapid and stable
convergence of the neural network. After approximately 200 iterations, the MSE decreases significantly,
demonstrating effective learning. The curves associated with the training, validation, and test sets remain
parallel, indicating generalization without overfitting. The stability, robustness, and accuracy of the trained
network demonstrate its relevance as an alternative to conventional VSG control.

Figure 6 shows a comparison between two control strategies: Figure 6(a) conventional VSG control
and Figure 6(b) neural network-based control. In the case of conventional VSG control, relatively large
oscillations around the nominal frequency of 50 Hz can be observed. This behavior is due to fixed-gain
controllers, whose performance is sensitive to initial parameters and network conditions.

In contrast, there is a significant reduction in the amplitude of oscillations, as well as a shorter
stabilization time for neural network-based control. This strategy makes it possible to generate more
appropriate control pulses in real time, without explicit dependence on rigid system modeling. These results
confirm the value of the proposed end-to-end approach to replace conventional controllers in VVSGs, while
improving system stability and response time.
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Figure 6. System frequency with (a) conventional VVSG control and (b) neural network control

Figure 7 compares the active power injected by the system with Figure 7(a) conventional VSG
control and Figure 7(b) neural network-based control. In both Figures, the power generally follows the 5 MW
setpoint. For conventional VSG control, it can be seen that the active power injected shows more pronounced
fluctuations around the setpoint due to the limitations of PI controllers. However, it can be seen that neural
control provides better regulation. Oscillations around the setpoint are significantly reduced. This comparison
shows that neural control is more stable and robust, which improves renewable energy production.

Figure 8 compares the output current quality for the two control strategies via a time and frequency
analysis. Figure 8(a) conventional VSG control has a higher THD of 0.51%, with harmonic components
visible in the Fourier spectrum. In contrast, Figure 8(b) the neural control has a sinusoidal output signal, with
a very low THD of 0.04%. This performance indicates the remarkable ability of the neural network to
generate appropriate control signals, minimizing distortion.

This comparison demonstrates the effectiveness of the neural network in improving output current
quality and reducing harmonics while complying with grid connection conditions. Table 1 shows the general
parameters of the system, including a nominal frequency of 50 Hz, which corresponds to the standard
frequency of electrical networks. The active power injected is set at 5 MW, which represents a realistic scale
for an industrial wind conversion application. The reactive power is zero, reflecting operation at a unity power
factor. The high switching frequency of 10 kHz ensures fine modulation and good output signal quality.

Table 2 details the parameters of the output filter, which plays a key role in smoothing the signals
output by the inverter and limiting the harmonics injected into the grid. The high values of the resistors and
inductors on the inverter side reflect a pronounced filtering strategy to dampen high-frequency disturbances.
On the grid side, the lower resistor and inductor values are intended to maintain the coupling dynamics with
the fast grid. The filter's capacitance, combined with the damping resistor, ensures effective passive filtering
and helps reduce harmonic distortion.
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Table 1. System parameters

Parameters Symbol  Value
Frequency f 50 Hz
Active power P 5 MW
Reactive power Q 0 VA
Switching frequency fsw 10 kHz

Table 2. Filter parameters

Parameters Symbol Value
Inverter side resistor Ri 4373.03 Q
Inverter side inductor Li 0.033H
Grid side resistor Rg 174.93 Q
Grid side inductor Lg 5.676 uH
Damping resistor RC 217.97 Q
Capacity C 8.544 mF

Table 3 summarizes the parameters of the PI controllers used in the various control loops, current
voltage, and optimal torque. The kp and ki gains for voltage control are low, which is typical for systems
with long time constants. The gains for current control are higher to enable a rapid response to load
variations. The parameters for optimal torque control strike a good balance between responsiveness and
stability in machine control, ensuring the efficient transfer of mechanical energy to electrical energy.
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Table 3. Controllers’ parameters

Parameters Symbol Value
Voltage control kp 0.004587
ki 0.0022
Current control kp 1.7493
ki 0.000005676
Optimal torque control kp 0.00211
ki 0.00448

6. CONCLUSION

This article proposes a new approach that involves replacing the conventional VSG control with an
end-to-end neural network. This control is based on a supervised learning artificial neural network capable of
generating the inverter control pulses, voltages, currents, and active and reactive power. The simulation
results demonstrated the stability of frequency and active power, as well as a reduction in THD to 0.04%
compared to 0.51% for conventional VSG control. In addition, the very low MSE showed a generalization of
the neural network. These findings prove the robustness and flexibility of neural network-based control in the
face of the limitations of conventional VSG control. This approach enables wind energy conversion systems
to better meet grid connection requirements in terms of stability and power quality.
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