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Abstract—The emergency of renewable resources-based power
generation depends on the development of voltage source in-
verters to interface wind or solar power plants. The accurate
functioning of these inverters, in turn, depends on the robust
control systems capable of keep the inverters operational point
in stable conditions even after non-controllable electrical contin-
gencies. In this sense, literature has proposed the application of
artificial intelligence algorithms to guarantee control robustness,
however, it still lacks a detailed analysis for the application of
Artificial Neural Networks (ANN) to replace linear controllers in
microgrid (MG) environment. Given this theoretical frame, the
main contribution of this work is to analyze ANN performance
for the control of stand-alone inverters that work without the
presence of the main grid. The proposed ANN-based control
scheme will be is tested for stand-alone MG under different
load conditions. The results obtained demonstrate the control
strategy’s effectiveness in managing abrupt load transitions and
simulation results also exhibit that voltage or current THD is
0.71 % which makes it suitable for VSIs based MGs.

Index Terms—Microgrid, Grid forming, Inverter, Stand alone,
Artificial neural network

I. INTRODUCTION

HE emergence of renewable energy resources paves the

way for a profound shift in humankind’s relationship
with the concept of power generation. As these technologies
gradually replace traditional fossil fuel-based power plants,
they facilitate the mitigation of global warming effects by
reducing C'O- emissions. Depending on the large-scale pro-
duction of various products and services for functionality, they
can create numerous job positions. Diversifying the energy
matrix ensures greater reliability for the energy system [1].
However, to realize their maximum social, environmental, and
economic potential, renewable resources need to be connected
to inverter devices for integration with the main grid or for
stand-alone operation [2]. Inverters are electronic devices that
convert DC voltage or current into AC through the switching
of semiconductors [3]. Their functioning principle relies on
Feedback Control (FC). In FC, the sensed variable is compared
with a reference value, generating an error signal. This error
signal is then sent to a controller loop that works to minimize
the difference between the actual and desired values [4].
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The mitigation of the error can be achieved through various
control strategies. One of the simplest methods for controlling
a static converter is the use of a Proportional Integral (PI)
controller.The PI controller can be applied to control the
DC-DC boost stage or the DC-AC conversion stage [S]. The
DC-DC boost stage typically involves a boost converter that
regulates the input voltage to achieve the maximum power
point of the renewable resource [6]. In relation to the DC-
AC stage, PI controllers are employed in series with the Park
Transform [7]. Park transformation converts the ABC system
of voltages in a dq rotating frame [8]. Other linear control
strategies employed in static converters are the PID [9] and the
Proportional Resonate (PR) [10], [11]. However, to improve
performance and reach greater reliability and robustness, some
authors replace the traditional linear controls by artificial
intelligence techniques [12]. In [13], for instance, the use of a
fuzzy logic classifier is proposed to control an autonomous
voltage source inverter (VSI). The system is submitted to
different -switching events, such as motor, non-linear loads,
and capacitor banks. The obtained results demonstrated a
better transient response for all the analyzed cases when
compared to linear control strategies. In [14], in turn, the
possibility of applying a regression tree algorithm in parallel
with a droop controller to perform power management in an
islanded MG is studied. The simulation experiments conducted
in MATLAB/Simulink show the effectiveness of the regression
tree machine learning algorithm over the PI controller in
terms of the step response and harmonic distortion of the
system. Artificial Neural Networks (ANN) are also employed
for VSI inverter control [15], [16]. A neural network is a data
processing system consisting of a large number of simple,
highly interconnected processing elements in an architecture
inspired by the structure of the cerebral cortex portion of the
brain [17]. The network processes information by propagating
it through the layers, with each neuron in one layer connected
to several neurons in the next layer. The connections between
neurons are associated with weights that adjust as the network
learns from data, optimizing the ANN’s performance in tasks
such as classification, regression, and pattern recognition. In
[18] it is proposed a comparative study in which a ANN-
PI controller is employed in a VSI inverter, reaching better
results than the Model Predictive Control (MPC) and hys-
teresis. However, the paper only considers the stand-alone
operation and does not analyze the performance of the control



strategy under multi-inverter conditions. ANN is also applied
for inverter control in [19], [20]. However, [19] refers only
to single-phase inverters, and [20] addresses a single-phase
modified packed U-cell five-level inverter, not considering the
operation of 2 three-phase inverters in the stand-alone MG.
For the revised literature, it is possible to notice a lack of
works addressing the application of ANN to islanded MG
control, because ANNs can be used for their ability to model
complex patterns in data effectively because of their versatility,
learning capability, and customization, and ANNs are powerful
tools for tasks that involve understanding complex patterns and
making predictions based on large amounts of data which is
not possible using traditional controllers. In this sense, the
main contribution of this work is to evaluate the application
of ANN to perform controlling tasks of a stand-alone VSIs or
in a MG formed by two three-phase inverters. The obtained
results demonstrate the validity of the proposed ANN-based
controller and the capability to guarantee stable and low
distorted voltage even after load transition. Finally, this paper
is organized as follows: Section II demonstrates the system
description in detail; Section III explains both the PI and the
ANN-based strategy of controlling; Section IV presents the
simulation results and discussions for stand-alone VSIs in a
MG operation; and finally Section V present conclusions about
the obtained results.

II. SYSTEM DESCRIPTION
A. Modeling of Grid forming Inverter

The VSIs are required to maintain stable voltage in stand-
alone/islanded or autonomous operating modes. Since stand-
alone mode does not have an external grid, so VSIs are imper-
ative here because of their role in facilitating the conversion
of voltages from DC to AC voltages. This transformation
procedure is accomplished with the help of particular control
mechanisms of switching devices (MOSFETs or IGBTs) of
VSIs, which are considered as the cornerstone in these emerg-
ing VSI systems. It consists of three legs, each leg having two
switch tubes. These switch tubes are power devices consisting
of IGBT along with inverse shunt diodes. The IGBT switches
operate in complementary ways. The three-phase AC voltages
or currents are produced at an angle of 120 from each phase.
A DC voltage source is connected to the input side of the
three-phase VSI, and loads are connected to the output side
of the inverter and the LC filter is necessary in generating
smooth output voltage, minimizing harmonics produced while
switching of IGBTs of inverters and is mandatory for enhanc-
ing voltage stability. The proposed three-phase VSI and its
control strategy under study is shown in Fig. 1. There are eight
possible switching states for three legs of three phase VSI as
provided in Table I. It is possible to determine the voltage
between each leg of VSI and a point N by multiplying the
voltages at the DC link (V;,,) and the present switching state
of the corresponding leg of VSIs. The voltage for an individual
leg of VSI and any other point N can be determined by the
multiplication of DC link voltage and existing switching state
of the correlated leg of VSIs as can be seen in Equations (1),
(2), and (3) [21].

Van = Sg X Vi )
Vin = Sp X Vin )
Ven = Se X Vi 3)

The switching action of VSIs is responsible for introducing
harmonics in the output voltage. These harmonics are respon-
sible for producing low-quality power, and thus, LC filters
are necessary to suppress these harmonics in the output of
VSI. The voltages for each phase of VSI are obtained from
line voltages using Equation (4), and finally, phase voltages
are obtained from Equation (4) as mentioned in Equation (5),
Equation (6) and Equation (7):
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The equivalent series resistance of the inductor is denoted
by 71, in Fig. 1. Thus, a properly designed LC filter of three-
phase VSI helps in improving power quality, compliance with
grid standards, and reliable operation of different types of
connected loads at the output side. The filter current, output
voltages and current for three-phase VSI are denoted by I,
Vour and 1,4, respectively. Equations (8) and (9) provide the
dynamic behavior of the LC filter.

TABLE I: POSSIBLE SWITCHING CONFIGURATIONS

No Sa Sy Sc Space Vector
1 0 0 0 Vo
2 1 0 0 v
3 1 1 0 A
4 0 1 0 A
5 0 1 1 A
6 0 0 1 A
7 1 0 1 7
8 1 1 1 v
e Mo _ 1 g ®)
LW =V, —Vou—IrrL )

The eight permissible voltage vectors of VSI are represented
by Vz, which is given in Table 1. By applying KCL and KVL
on the individual VSI, the state space equations of individual
VSI can be written as [21]:

dx

—=A B

7 T+ By
For three-phase VSIs, the values for z, y, A and B are

defined as:

(10)
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Fig. 1: Overview of proposed control scheme for standalone VSI
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[II. CONTROL OF GRIDFORMING INVERTER FOR
DATA CURATION

Initially, the output voltages of VSIs are converted into
Per unit (P.U) values. The obtained P.U value of output
voltages is fed to phase locked loop (PLL). The PLL gives
angle information which is used for coordinate conversions
and angular frequency (inverter’s electrical frequency). The
synchronization from PLL is vital for precise conversion of
references as well as measurements among the abc and dq0
reference frames. At the same time, the measured output
current and voltage are converted into dq0 rotating frame. This
conversion simplifies the controller design and makes easier
to control them in a rotating frame like DC quantities instead
of three-phase quantities. The measured output voltage and
current in dq0 frame can be represented by Vdq and Idq re-
spectively. After this, reference voltage in dq0 reference frame
is generated with the help of system frequency and desired
output voltage. The voltage and control loop of this control
scheme is formulated consisting of cascaded PI controllers.
The data curation is performed on both loops to obtain data
for artificial function-fitting neural networks. In this context,
a quintessential structure like Multilayer Perceptron (MLP)
within the domain of Artificial Neural Networks (ANN) is
deeply rooted in the pursuit of mirroring the learning processes
of the human brain. MLPs consist of several layers of nodes
in a directed graph, each layer being fully connected to
the next. This includes an input layer, one or more hidden
layers, and an output layer. Theoretically, MLPs are eminent
for their capability to effectively approximate any continuous
function, a property recognized as the universal approximation

theorem [22]. This capability is primarily attributed to their
layered structure and the use of non-linear activation functions
such as the sigmoid, hyperbolic tangent, or ReLU functions,
which empower these networks to encapsulate and model the
complex, non-linear relationships intrinsic to real-world data.
Mathematically, the computation within an MLP proceeds
through the network layer by layer. Each neuron transforms
its input through a weighted sum followed by a non-linear
activation, mathematically described as:

1 _ I 1=1 4l
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where a! is the activation of the i-th neuron in the I-th layer, o
denotes the activation function, wéj denotes the weight from
the j-th neuron in the (I — 1)-th layer to the i-th neuron in the
I-th layer, and b! is the bias term. The learning process, known
as backpropagation, includes calculating the gradient of a loss
function (characteristically mean squared error for regression
or cross-entropy for classification tasks) with respect to the
weights and biases, and repeatedly correcting these parameters
to minimize the loss. This optimization is frequently achieved
using gradient descent or its variants. Using this iterative
learning process, MLPs can discern and observe the underlying
structure of the training data. In the proposed control scheme,
data is generated from PI controllers in both the voltage
and current control loop to train the neural networks for
each loop, then data is allocated for training, validation, and
testing process (70% data for training, 15% for validation
and 15% for testing) and the Levenberg-Marquardt algorithm
available in MATLAB’s Neural Network Toolbox is a method
for training ANN. It is possible to specify a hidden layer with
10 neurons, while creating a network structure where the input
data is processed through 10 intermediate nodes (neurons)
that can capture complex patterns and relationships in the
data before outputting the final prediction. This algorithm
adjusts the weights of the network in a way that minimizes
the difference between the predicted outputs and the actual



outputs, efficiently finding solutions that might be difficult with
other algorithms due to its approach that combines aspects of
both the gradient descent and the Gauss-Newton methods, and
the trainlm function in MATLAB’s Neural Network Toolbox
refers to a specific algorithm (Levenberg-Marquardt algorithm)
used for training ANNSs. It’s particularly suited for networks
involved in function fitting, or regression tasks, because of
its efficiency and speed in finding solutions, especially in
medium-sized and smaller problems where the computational
overhead is manageable.

A. Voltage Control Loop

To achieve better dynamic response and for compensate the
phase shifts as well as reactive power, an angular frequency,
which results from a phase-locked loop, is utilized for cross-
coupling to Vd and Vq. This is achieved by cross multiplica-
tion of with Vd to adjust Vq and vice versa. This approach not
only aims at voltage regulation but also implicitly controls the
reactive power, thereby enhancing the system’s overall stability
and performance under dynamic conditions. In this way, the
current reference is generated in this loop in dqO reference
frame as in Equation (12) and Equation (13).

I ger = Kp(Avg —wvg) + K; | (Avg —wug)dt  (12)
Iy pef = Kp(Avg +wvg) + K; /(Avq +wog)dt  (13)

The data curation is performed in voltage control loop of PI-
based controllers to acquire data for artificial neural networks.
Then the voltage control loop of Pl-based control scheme
is modified for function fitting neural network, and data is
obtained, trained, and finally implemented in Simulink, as can
be observed in Fig. 2.
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Fig. 2: Voltage Control Loop implemented in Simulink

B. Current Control Loop

The current control loop is designed to generate a reference
voltage in dqO frame. The current error across both dg-axis is
calculated using Equation (14) and Equation (15).

(14)
5)

Aig = IgRef — id
Aig = Ig Ref — iq

The dynamic performance of this loop is enhanced by
including cross coupling terms in the current error signals.
These coupling terms can be observed in Equation (16) and
Equation (17).

Viom = Kp(Aig + wiy) + K; / (Aig +wLig)dt (16)
Vi,com = Kp(Aiq — wLid) + K; /(Aiq —wklLig)dt (17)

In the current control loop, data is achieved at these points
using PI controllers to design ANN-based control scheme as
shown in Fig. 3. Then finally PWM signals are generated to
control the MOSFETs of three phase two- VSIs as can be
observed in Fig. 4.
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IV. SIMULATION RESULTS AND DISCUSSIONS

The AC MG simulated in stand-alone operation is shown in
Fig. 5. Initially, a purely resistive load of 7.5 kW is connected,
and later on, another load resistive inductive (RL) load of 5
kVAR is introduced to observe the behavior of ANN during
load or power transition to verify the robustness of the control
scheme. The equivalent series resistance of the inductor is
denoted by RL in Fig 5. The properly designed LC filter of the
three-phase VSI helps improve power quality compliance with
grid standards and ensure the reliable operation of different
types of connected loads on the output side. The parameters
used in simulation of AC MGs are given in Table II.

TABLE II: PARAMETERS USED IN AC MG

Parameter Name Value Unit
Input voltage 800 \Y
Inductance 10 x 1073 H
Equivalent series resistance of inductor 9 x 1073 Q
Capacitance 16 x 10~ F
Resistive load 7.5 kW
Resistive inductive load 75,5 kW kVAr
Sampling time 2x 1076 Second
System frequency 50 HZ
Output voltage 326 \%

A. Analysis of Purely Resistive Load under Steady-State Con-
ditions

When a purely resistive load is connected at the PCC of AC
MG at a frequency of 50 Hz. The output voltage of the system
is maintained at 326 Volts and current is provided according to
the load requirement. The simulation results for output voltage
and current are shown in Fig. 6. It can be observed that ANN
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based controller is working fine for AC MG and output voltage
and current are smooth and stable in Fig. 6 The output power
for resistive load can be observed in Fig. 6, which is also
quite stable and smooth. Since it is a purely resistive load,
reactive power is zero as shown in Fig. 6. In a purely resistive
circuit, voltage and current are completely in phase so the
phase difference is O degrees; therefore, reactive power is 0 in

this case.
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Fig. 6: Output voltage, current and power with resistive load

B. Simulation Results with Load Transitions

After 1 second, another load (RL load) is connected in
parallel to the existing resistive load. The behavior of the
controller for output voltage can be observed in Fig 7. Fig
7 shows that the controller can handle load variations quickly
and provides stable output voltages. The output voltage be-
havior and output current with two loads (resistive load and

RL load) are displayed in Fig. 7. After 2 seconds, the RL
load is again disconnected to observe the controller response,
and its robustness is confirmed, and AC MG is able to provide
sinusoidal output voltages and currents, as shown in Fig. 7. The
output power and its transitions during different load scenarios
can be observed in Fig 8. Initially, a purely resistive load of
7.5 kW was connected and AC MG is providing the required
power to meet the load demand. After 2 second, the RL load
was disconnected from the AC MG and controller handles
these load variations quickly. Thus, it is clear from the Fig. 7
that proposed ANN based controllers of AC MG are able to
handle these load transitions in a stable and smooth way. The
current and voltage THD value is according to internationals
standards and grid codes and the values of both the THDs is
0.71% as can be seen in Fig. 8. In short, simulation results
prove the robustness of control proposed strategy for analysing
the performance of ANN based VSIs.
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V. CONCLUSION

This research paper proposes an ANN-based control ap-
proach for stand-alone operation of VSIs. The ANN-based
controller is developed and trained in Simulink. To assess the
efficacy of this control scheme, the ANN-based controller was
trained and tested for varying load conditions. The voltage
THD is only 0.71 % for stand-alone AC MG based on ANN
controllers. The simulation results illustrate that the ANN-
based controller consistently performs well in different load
transitions while maintaining stable output voltages, thus con-
firming the robustness. In future, ANN based control strategy
for grid-following VSIs can be developed.
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