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Abstract—In recent years, there has been a notable surge of
interest in integrating advanced control techniques within power
electronic systems. This article presents the utilization of neural
network (NN) controllers within the realm of three-phase inverter
control. While traditional control methods like proportional inte-
gral-derivative (PID) and pulse width modulation (PWM) have
proven effective, they sometimes fall short of meeting the demands
of modern applications. These contemporary requirements en-
compass heightened precision, adaptability to changing conditions,
and resilience against uncertainties. This study employs an NN
controller to achieve current control in a three-phase standalone
inverter system. A dataset is prepared using model predictive con-
trol (MPC) to train the neural network model, and appropriate
hyperparameters are chosen, facilitating offline learning. The en-
tire setup is implemented within the MATLAB Simulink platform,
allowing for an in-depth analysis of its performance. This analysis
includes the assessment of prediction errors and the evaluation of
total harmonic distortion (THD). In addition, the article conducts
a comparative study between the neural network controller and
the MPC controller, presenting and discussing the obtained results.
Further, the proposed method is realized in the hardware in loop
OPAL - RT setup, and the real-time performance is analyzed.

Index Terms—Backpropagation, multi-class classification, model
predictive control, neural network control, three-phase inverter.

1. INTRODUCTION

LOSED-loop control of inverters is pivotal in various
applications, encompassing motor drives, renewable energy
systems, uninterruptible power supplies (UPS), and similar

Manuscript received October 1, 2023; revised December 9, 2023; accepted
December 19, 2023. Date of publication June 30, 2024; date of current version
January 2, 2024. This work was supported in part by Department of Science and
Technology for Social Development under grant DST/TMD/SERI/RES/2020/27.
(Corresponding author: Sreedhar Madichetty.)

M. V. S. Prasad and S. Madichetty are with the Ecole Centrale School of
Engineering, Mahindra University, Hyderabad, Telangana 500043, India (e-mail:
mvspchowdary@gmail.com; sreedhar.803@gmail.com).

K. S. Suprabhath and S. Mishra are with the Indian Institute of Technology
(ISM) Dhanbad, Dhanbad, Jharkhand 826004, India (e-mail: srirangakoduru@)
gmail.com; sukumarmiitdelhi@gmail.com).

A. EL KAMEL is with Centrale Lille, Centrale Lille Institute, Villeneuve-
d'Ascq, Hauts-de-France 59651, France (e-mail: abdelkader.elkamel@
centralelille.fr).

Digital Object Identifier 10.24295/CPSSTPEA.2023.00052

domains. This control approach involves continuous monitoring
of the inverter system’s output and feedback, facilitating
immediate adjustments to maintain the desired operational
parameters. Inverter closed-loop control achieves precise
voltage and frequency regulation, enhances system stability, and
delivers superior transient performance. It also proves invaluable
in optimizing motor control, mitigating harmonic distortions, and
dynamically responding to changing conditions.

Numerous control strategies have been proposed in the literature.
These range from classical control techniques like hysteresis
control [1], [2], linear control [3], [4], and proportional integral-
derivative (PID) control [5], [6], to advanced control approaches
such as fuzzy logic control [7], sliding mode control [8], and
predictive strategies like deadbeat predictive control [9], [10], as
well as model predictive control (MPC) strategies [11], [12].

The evolution of artificial neural networks has simplified the
control of complex power electronic systems. Neural network’s
(NN’s) ability to generalize and adapt to unforeseen scenarios
makes it a favorable choice for controlling power electronic
converters.

The utilization of power electronic converters has expanded
its reach across various domains, including electric vehicles,
renewable energy systems, power system control, battery
chargers, electric traction, microgrids, and numerous others.
Given the wide and diverse array of applications, a need
arises for control algorithms that can effectively operate
across this spectrum of real-world scenarios. Traditional
control mechanisms, which rely on mathematical models and
deterministic approaches, contribute to increased complexity in
design. Moreover, these traditional methods are fundamentally
linear, assuming linearity in system operations. Consequently,
when dealing with non-linear systems, these control methods
necessitate numerous assumptions, resulting in performance
that may be inaccurate and inefficient.

Hence, there arises a requirement for a universal control
mechanism capable of offering generalized solutions for
diverse applications. Such a control mechanism should
also exhibit high adaptability in the face of challenging
and adverse scenarios. This is where artificial intelligence
techniques, particularly neural networks come into play
as a viable solution to address the limitations of traditional
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methods. Neural networks, renowned as universal predictors,
possess remarkable adaptability and generalization capacity,
particularly in nonlinear systems.

II. LITERATURE REVIEW

In literature, control mechanisms are traditionally divided
into three categories: classical control methods, advanced
control methods, and intelligent control methods. Among
classical control methods, hysteresis and linear control are
the most popular. [13] discusses various hysteresis control
mechanisms such as single-band hysteresis, double-band
hysteresis, modified double-band hysteresis, and variable-
band hysteresis control methods. To increase the performance
of the inverter by obtaining less total harmonic distortion
(THD) and for maximum switching frequencies, these variants
of hysteresis control are designed. However, implementing
hysteresis control involves high switching losses and high
electromagnetic interference. Also, the fixed hysteresis
band limits the application’s precision and generates heavy
oscillations in switching states. Current mode PI controllers are
designed in [14], where the feedback currents are compared
with the reference values and passed through the PI controller
to generate the control variable. Further, the output is processed
in the modulation stage to generate the appropriate switching
signals. In this method, tuning of PI controller parameters
decides the transient and steady-state behavior. Tuning these
parameters proves difficult for nonlinear systems; using
advanced methodologies for parameter tuning increases the
design complexity. Space vector modulation (SVM) is another
popular control used in industries; this method performs
better than pulse width modulation techniques in harmonic
performance. [15], uses SVM for achieving soft switching
in three-phase inverters. Although this method is inherently
non-linear and performs better for nonlinear systems, the
high computational overhead and high sensitivity towards
parameter variations limit its applications. A sliding mode
control mechanism is introduced to improve the performance
of non-linear and highly dynamic systems. [16] discusses
implementing sliding mode control for the multilevel inverter.
This control algorithm develops a sliding mode theory to
evaluate cost functions and optimize the control input. Although
this method is very robust compared to its counterparts, it
introduces the chattering problem, leading to high-frequency
oscillations near the sliding boundary [17], [18]. Also, this
method is proved to be highly sensitive towards parameter
variations. As a part of advanced control strategies, MPC
techniques have been used lately. Based on the requirement
of modulation stages, they are categorized as modulation-
based and modulation-free predictive controls [19]. A shared
underlying principle in all predictive control techniques is their
reliance on the dynamic system model to forecast the plant’s
future performance. They then execute optimal control actions
based on pre-established control objectives [20]. [21] discusses
optimized switching sequences with finite control set MPC in
voltage source inverters. MPCs are constantly evolving based
on their applications; the predictive ability and a systematic
approach to obtaining a solution make them widely acceptable

in industries. However, the major disadvantage of using MPC
is its designing stage; the design of MPC includes modeling of
the system. It also increases the computational complexity as
it requires solving optimization problems in every step. High
computational complexity, tuning complexity, and inaccurate
error modeling are some of the limitations of MPC.

The above studies show that although MPC and its variants
are proven to be very efficient compared to traditional control
methodologies, there is a need to reduce the complexity of
designing and implementing. Therefore, a neural network-
based control mechanism is developed to control the three-
phase standalone inverter in this article.

Further, this article is arranged as follows: Section III details
the proposed methodology with mathematical modeling of
inverter control, workflow comparison between MPC and NN
control, and a detailed explanation of the design of the NN
controller. Section IV presents the result analysis, where the
operation of the NN controller is observed with simulation
results. Subsequently, the performance of MPC and NN
controllers is compared with various performance measures.
This article concludes in Section V, stating the performance
efficiency of the proposed model and discussing future scope
in the NN control domain.

III. PROPOSED METHODOLOGY

A. Three-Phase 2 level Inverter

The conventional approach for operating a three-phase, 2
level inverter with MPC has been the predominant method used
in research for implementing closedloop inverter operation [22].
This article introduces a novel approach to neural network-
based closed-loop control for the inverter. Fig. 1 illustrates the
fundamental schematic distinctions between the MPC and
the proposed methods. The workflow divergence between
MPC and the proposed NN model is depicted in the flowchart
presented in Fig. 2.

B. Neural Network Control

The fundamental architecture of a neural network consists
of an input layer, multiple hidden layers, and an output layer.
Neural networks serve a dual purpose: they can predict a single
value, referred to as regression, and they can also classify input
features into distinct classes, known as classification. Unlike
regression, classification involves a predetermined set of output
classes. Therefore, any inputs provided to the neural network
model must yield outcomes within the predefined categories of
the output classes.

In the context of classification, neural networks are often
used for multi-class classification. In this technique, the output
nodes provide probabilistic outputs for each of the distinct
classes, allowing for the assessment of the likelihood of an
input belonging to each class.

The workflow for multi-class classification using an NN is
illustrated in Fig. 3. The process begins with data collection
and subsequently involves preprocessing to ensure uniformity,
as outlined in (1). Next, the input and output data are imported.
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Fig. 1. (a) Conventional MPC for inverter three—phase 2, level inverter and (b)
proposed NN model for closed loop operation of three—phase 2, level inverter.

The dataset is divided into training, testing and validation sets.

A defined NN model allows for user-specified hidden layer
nodes, which may incorporate various activation functions like
sigmoid and rectified linear unit (ReLU), as indicated in (2).
However, a specific activation function, softmax, is used for
the output layer, which will be further discussed in subsequent
sections.

W _
i _ X ¥ min (1)

Xealed = %

_ X
max min

Here « ., is an input feature of the sample space.

Sigmoid(x) = —1—
e—x
Oforx <0 @
ReLU(x) = {x forx > 0

After defining the model, the weight parameters are trained
through the backpropagation process. Cross-entropy is employed
to calculate the error during this training phase. Once the
model is successfully trained on the training dataset, it is then
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Measuring 3 phase reference currents
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Fig. 2. Workflow comparison between MPC control and NN control.
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Fig. 3. Flow chart for multi-class classification.

evaluated using the separate test and validation datasets. Fig. 4
illustrates a sample neural network model utilized for multi-
class classification. In the sample schematic, the NN model
consists of one input layer followed by two hidden layers with
one output layer. Here [x, x,, *** , x,] are the input samples
considered. The first hidden layer nodes are given by [4,,, 4},,

-, A,p], the second hidden layer nodes are given by [4,,, 4,,,

-, Ayp]. The output layer nodes are depicted by [N, N,, -+,
Ny]. In short, the model can be conveyed as D—P—Q—H. The
bias terms (B,, B,, B;) are the bias units for the first hidden
layer, second hidden layer, and output layer, respectively. The
weight matrix between the input layer and the first hidden layer
is represented by W' and given in (3).

WBA
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WXA x, 4 x, A

140 14 i

szA“ WX:AIZ o W\f A

A

WB,AB o Wy

14

W = 3)

'XDAH Wanwz XDAII’

Here Ws,4, represents the weight between bias term B, and
first node of first hidden layer 4,, and W 4, represents the
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Input layer

Hidden layer

Output layer

Fig. 4. Sample NN model for multi-class classification.

weight between first input layer node and first hidden layer
node 4,, respectively and the rest of the weights will follow in
same manner.

The weight matrix between the first hidden layer and the
second hidden layer is depicted by Wj’ and given in (4).
Similarly, The weight matrix between the second hidden layer
and the output layer is depicted by W, and given in (5).

WBzAzu WB:Azz o WBzAzg
WAquw WAnAn WAnAzg
4
W = [ Waa, Waa, = W, @
Wa,a, Wa,a, Wi,
Wiy Wey W,
Win Wi Wi,
N
W, = |Wan Wanx Wa,n, )
WAZQN, WAZQNZ WAngu

The output layer of the NN model is shown in Fig. 5, where
a single node is represented, and its working is given in (6).

Q
Z, = zi:lgAzi*VVAzim + Wy N,
0, = S,

(©)

Here g, refers to the outputs of hidden layer two neurons,
where (i =1, 2,3, - - - ,0) and W, is the weight vector
between hidden layer 2 neurons and output node N,. The
softmax S(Z;) activation function is given in (7) and (8).

D= 7
Zme 7

where S(Z) = O,

Output layer

Sz, 10)

®

Here (0,,0,,0,, -+ ,0,) are the predicted outputs where as
1> V2, 13, *** , V) are the ground truths or the actual values. A
single node’s cross-entropy error value is given in (9).

ey = =yy < In(0y) )
The total error £ is given in (10).
H
E= D (10)
i=1
Substituting (9) in (10) to obtain (11).
H
E=—29’i Xln(OL.) (11)
i=1
Computing gradients that are required for backpropagation,

which uses a gradient descent algorithm to update the
parameters of NN as shown in (12) and (13).

H
Ik _ 8[_21_:1 yixln(oi)] (12)
07, 37,
H
9E _ Ny 9, In(0)
azZ, z} 0z, (13)

Since y; is independent of Z,, which is the input of softmax
activation function. The above equation is re-written as (14).

H
oE . In(0))
az, - Z;y z, (14)

Since O, is not a direct function of Z,. The chain rule is
applied as shown in (15)

an(0,) [ aln©,) _ 0,

1

oz, a0, Taz (15)

Substituting (15) in (14), we get (16)
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TABLE I
SPECIFICATIONS OF THREE-PHASE TWO-LEVEL INVERTER

Parameter Value
Input voltage 520V
Resistance 10 Q
Inductance 10 mH
Sampling time 1 ps
Reference current 10 A
H
£y y dln(0,) « 00, }
=— ) 16
aZk 1; yl 801 6Zk ( )
.. 9ln(0,) 1. .
Substituting 30, = 0, in (16) to obtain (17).
H .
OE _ _ (ﬁx ao,.) 17
oz, z{ 0, 97, an

The partial derivative of the softmax function is given in

(18).

90, _lo,.x(1—0i) iti=k
9z, = 1-0,%x 0, it i #k (18)

Substituting (18) in (17), we obtain (19).

oE _ H Yi
@ = _zi#kl(oi X _Oi X Ok)+

Yi
O—k x 0, x(1- Ok)”
(19)

Here (19) is simplified into (20) and (21)

oF _ _Z{(_Yi x 0;) + [yk

x(1-0)]] @0

aZk i #k
oF S
A =_[ -0, xi;yi +[yk x (1 —ok)]] @21

Further, (21) can be simplified as (24) using (22) and (23).

D =1 (22)
Xy =Xl -y 23)
ngZk = [(Ok(l - yk)] _[yk x (I - Ok)] (24)

After simplification of (24), the error gradient is given in
(25).

0z, = O~ (25)
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Fig. 6. Different accuracy scores of multi-class classification with multiple
parameters changes.

IV. Resurts

A neural network controller is developed to control the three-
phase inverter’s current control. The design and implementation
of the NN controller are performed in the MATLAB Simulink
platform. Specifications of the inverter model considered for
the study are given in Table II. Initially, a three-phase inverter
with MPC control is implemented, and the data is collected
from the system. The dataset for training consists of three-
phase measured currents as input features and the switching
states as output. Once the data is collected, the NN model is
trained with various combinations of hyperparameters such as
epochs, activation functions, and optimizers. Each combination
performs differently, providing different accuracies in prediction,
as shown in Fig. 6. The combination with the highest accuracy
is selected to obtain the optimized switching sequence, which
is an Adam optimizer with a sigmoid activation function for
500 epochs. The inverter is controlled to operate at reference
currents of 10 A. The efficiency of the NN controller can be
examined by overlapping the reference currents and measured
currents for each phase individually. Further, the operation of
the NN controller with different scenarios, such as reference
changes and parametric changes is explored.

A. Reference Change

To examine the adaptability and robustness of the designed
control scheme, the reference value is varied at 0.5 s from 10 A
to 5 A as shown in Fig. 7. By analyzing Figs. 8 and 9, it can be
understood that the designed controller performs efficiently and
adapts to the system changes. Fig. 10 denotes the switching
instances generated by the NN controller; it is observed that
the NN controller takes 0.0001 s to adapt to the new reference
value.

B. Parametric Variations

As we have seen, traditional control methods are often
sensitive to parametric changes; predictive and intelligent
techniques are used to overcome that. In this case, load change
is performed by varying inductance and resistance values, and
the errors in predictions are analyzed for both MPC and NN.

1) Resistance variation: In this case, input DC voltage is
maintained at 520 V, inductance is maintained constant at 10
mH, but the resistance value varies from 5 Q to 30 Q. Fig. 11
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Fig. 9. Zoomed version of reference currents and measured currents of three-
phase inverter with reference change.

indicates the prediction error obtained during resistance
change, including the maximum error and minimum error in
each phase prediction. It can be observed from Fig. 11 that the
error in prediction in the MPC controller increases gradually as
the change in resistance value increases. However, the error in
NN controller prediction is much less and almost constant for
any change in resistance.

2) Inductance variation: The inductance value varies from 1
mH to 30 mH, keeping the resistance value and input voltage
constant at 10 Q and 520 V , respectively. Fig. 12 shows the
minimum and maximum errors for each phase in MPC control
and NN control. It can be inferred from Fig. 12 that as the
inductance value increases, the prediction error is reduced for
both MPC and NN controllers. It shows that the inductance
variation will not have much effect on the prediction.

Therefore, from the above case studies, the NN controller
is highly adaptable to system changes and is not sensitive
toparametric changes. This makes the NN controller more
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Fig. 10. Switching pulses during reference change.

-~ MPC_Max -+ MPC_Min -~ NN_Max -= NN_Min

Phase A - Error

2 2
1 1
H
£o0
3

-1 -1

-2 -2

Phase B - Ervor

.—.—df/
~

Error

0 s 10 15 20 25 30 0 5 10 5 20 5 30
Resistance (©) Resistance (©)
(a) (b)
3
Phase C - Error

2

! ‘_.__d/
Eo

= \
-1
-z
-3

0 s 1 15 20 25 30
Resistance (@)
(©)

Fig. 11. Error comparison for MPC and NN controller during resistance
variations.

- MPC_Max -+ MPC_Min — NN_Max o NN_Min
3 3
Phase A - Error Phase B - Exvor
1 2
1 1
Eo Eo
3 ]
el -1
-2 -1
=3 =3
0 5 10 § 20 25 30 0 5 10 15 20 25 30
Inductance (mH) Inductance (mH)
(@) ®)
3
Phse C - Exror
2
1
)
3

o 5 10 15 20 25 30
Inductance (mlI)

©

Fig. 12. Error comparison for MPC and NN controller during inductance
variations.

robust and reliable in dynamic operating conditions.

C. THD Evaluation

One of the quality measures for the inverter output is
the calculation of THD. Ideally, the output of the inverter
should consist of only fundamental frequencies. Other than
fundamental frequencies, it indicates the distortions in the
current waveform. As reference currents are the simulated
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TABLE 11
COMPARISON BETWEEN SWITCHING FREQUENCY AND THD

Control method Switching frequency range / kHz THD /%
MPC 95-125 9.47
ANN 130-161 1.27

waveforms, it is expected to be 100 % fundamental
component. Further, MPC control and NN control are
implemented, and their fast Fourier transform (FFT) response
is analyzed. Figs. 13 and 14 show the FFT responses of MPC
control and NN control, respectively. It can be seen that the
THD for NN control is 1.27 % and MPC control is 9.47 %.
Zoomed versions in the figures represent the presence of other
frequency components with very little percentage. Reduction
in THD leads to increased switching frequency. Table 111
explains the relation between THD and switching frequency
obtained for MPC and ANN controllers. It can be observed that
the switching frequency range of the ANN controller is a little
high compared to MPC, but there is a significant reduction in
THD that improves the power quality. Therefore, there should
be a tradeoff between THD and switching frequency, where the
ANN controller is effective in this case.

The stability of the closed loop operation of the system can
be understood by examining the bode plot for the system.
Fig. 15 indicates the bode plot of the ANN-controlled inverter
with a bandwidth of 160 Hz, indicating that the system gives a
stable response without any magnitude attenuation till 160 Hz.

D. Hardware Results

The proposed ANN controller for the three-phase standalone
inverter is realized in the hardware in-loop setup of OPAL-RT.
Three-phase inverter is connected to a 400 V DC bus controlled
with the current command. The trained ANN model can be
deployed into the basic microcontrollers using the MATLAB
Simulink platform. MATLAB provides hardware supported
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Fig. 15. Bode plot for ANN controlled inverter.
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Fig. 16. Reference currents and measured currents with NN controller.

packages for multiple microcontrollers. The trained neural
network is deployed into the ATSAM3XS8E microcontroller in
this work. It is observed that the space occupied by the ANN
model is 23 kB with an execution time of 0.1 ps. Therefore,
the offline trained neural network can be converted into
the hardware-supported file and deployed into the basic
microcontroller. This gives the flexibility to attain robust
control with minimal computational resources. NN controlled
three—phase inverter is controlled with reference currents of 10
A peak-to—peak amplitude. Fig. 16 shows that the proposed
control scheme operates precisely by tracking the reference
currents accurately. The zoomed version of the waveform is
presented in Fig. 17. It can be observed that the error between
the reference and the actual waveform is much less as obtained
in simulations.

Reference current amplitude is changed from 8 A peak to
peak to 20 A in Fig. 18 to verify the robustness of the ANN
controller. CH1 and CH2 denote the reference current enotes
and measured currents, respectively. It can be seen that the NN
controller adjusts to reference change and facilitates a smooth
transition.

V. CONCLUSION

This article has explored integrating advanced control
techniques, specifically neural network (NN) controllers, within
the domain of three-phase inverter control. The study presented
in this article successfully demonstrated the application of an
NN controller for achieving precise current control in a three-
phase standalone inverter system. This approach utilized a
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Fig. 17. Reference tracking with NN controller.

dataset generated by model predictive control (MPC) for
training. It selected appropriate hyperparameters to enable
offline learning, showcasing its adaptability and optimization
capabilities in varying operational conditions.

The robust MATLAB Simulink platform provided an ideal
environment for comprehensively analyzing the NN controller’s
performance. This analysis included a detailed examination of
prediction errors and an evaluation of total harmonic distortion
(THD), both of which are critical metrics for assessing the
controller’s effectiveness in maintaining system stability and
output quality. Moreover, this article contributes significantly
to the field by comparing the newly introduced neural network
controller and the established MPC controller. The results
presentation and discussion shed light on each approach’s
strengths and weaknesses, providing valuable insights into their
applicability across various real-world scenarios.

Adopting neural network controllers in three-phase inverter
systems represents a substantial advancement toward realizing
more intelligent and adaptable power electronic systems. As
technology continues to evolve and application requirements
become increasingly complex, these innovative control
techniques promise to meet and surpass the expectations
of modern power electronics. This study is a pivotal step in
unlocking the full potential of neural networks in the domain
of power electronic control, encouraging further exploration
and refinement of these methodologies in future research and
industrial applications.
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