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ABSTRACT

This paper examines the formulation and implementation of a neuro-controller for the excitation system of
synchronous generators in a Single-Machine Infinite Bus (SMIB) power system. The SMIB model is
employed as a fundamental model of a power system, thereby facilitating the assessment and comparison
of disparate control strategies with the objective of enhancing system stability. The goal of this study is to
enhance the stability of the SMIB power system through the implementation of an Artificial Neural
Network (ANN) neuro-controller, providing a comparison of its performance to that of a Power System
Stabilizer (PSS) and a Proportional-Integral-Derivative (PID) controller. The proposed neuro-controller
will be integrated into the generator's excitation system and will be designed to regulate the excitation
voltage in response to fluctuations in the system's operational parameters. To this end, an ANN is
calibrated to account for the singularity of the generator's excitation level and terminal voltage. The
Levenberg-Marquardt algorithm is employed to ascertain the optimal weight coefficients for the ANN. To
assess the performance of the neuro-controller, simulations were conducted using MATLAB/Simulink. The
simulations encompass a comprehensive range of operational scenarios, including diverse disturbances and
alterations in the reference voltage level. Subsequently, the neuro-controller's outputs are evaluated in
comparison to the PSS and PID controllers, as these are the prevailing controllers used to enhance voltage
regulation and transient stability in power systems. This paper presents the results of an analysis of the
neuro-controller's impact on the system's robustness, voltage variation amplitude, and generator dynamic
performance during faults. Simulation results demonstrate that the application of an ANN-based neuro-
controller yields superior outcomes in voltage regulation and transient stability compared to the
conventional controllers PSS and PID. Furthermore, the neuro-controller is distinguished by accelerated
response times and enhanced precision in voltage level regulation. The neuro-controller represents a
superior approach to the control of a power system, particularly in the context of SMIB, which would
ultimately result in enhanced performance and stability.

Keywords-neural controller; Single-Machine Infinite Bus (SMIB); power system stability; Power System
Stabilizer (PSS); Proportional-Integral-Derivative (PID) controller; Artificial Neural Networks (ANNs);
Levenberg-Marquardt-algorithm
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I.  INTRODUCTION

The stability of the power system is of great importance
when considering the credibility of active operation,
particularly in the context of SMIB systems. They serve as
foundational models for investigating power system stability,
encompassing pivotal components, such as synchronous
generators, excitation systems, turbine and governor systems,
load dynamics, and PSS [1, 2]. The synchronous generator
represents the core of the SMIB system, responsible for the
conversion of mechanical energy into electrical energy.
Nevertheless, the participation in a settled operation
necessitates the precise regulation of numerous parameters,
including voltage terminal, output reactive power, and rotor
speed (3). The process is facilitated by the system excitation,
which regulates the generator's excitation level to ensure
optimal reactive power control and voltage regulation [4, 5].
Furthermore, the governor systems and turbine play a
significant role in maintaining rotor speed within the desired
limits, which contributes to the overall stability of the system.
Furthermore, fluctuations in connected loads can impact the
system's power output and stability, introducing additional
complexities to the system dynamics [6-8]. In recent years,
there has been a growing interest in the use of previous control
techniques, such as neural network-based controllers, to
enhance the stability of power systems. Neuro-controllers offer
the advantage of modification and robustness, making them a
potentially suitable means of regulating system parameters in
SMIB systems [9, 10]. There has been a growing benefit to
leveraging advanced control techniques, such as neural
network-based controllers, to further improve power system
stability. Neuro-controllers demonstrate the advantages of
modification and robustness, making them a potentially
suitable means of adjusting system parameters in SMIB
systems [11, 12]. Based on a comprehensive simulation
learning and comparative analysis, the proposition that neuro-
control may offer a potential advantage in SMIB systems is put
forth, thereby contributing to the advancement of control
techniques for power system stability [13].

This study focuses on the advancement of control methods
in power systems, with a particular emphasis on the integration
of neural network-based controllers with existing control
methods to enhance reliability and stability. The results
demonstrate that employing an ANN instead of a PSS with a
PID and an AVR enhances the stability of the power system.
By deploying a multi-layer neural network trained to use the
Backpropagation (BP) algorithm and the Levenberg-Marquardt
optimization technique, the efficacy of neuro-control in
enhancing stability is analyzed and compared to conventional
control approaches using MATLAB modeling to examine the
distinctions in performance. The term "power system stability"
is defined as the capability of an electric power system to
restore its initial operational balance and remain in a state of
equilibrium when it experiences an external disruption [14].
The electrical system has undergone a notable expansion in
both size and complexity in recent times, thereby facilitating
the deployment of robust instruments for the -effective
management of pertinent issues. The system responsible for
generating the excitation signal depends on two principal
components: the Automatic Voltage Regulator (AVR) and the

exciter. The regulated output of the exciter is determined by
measuring the terminal generator voltage and comparing it to a
reference voltage. The damper and the field winding are
designed to mitigate the effects of rotor oscillations following
any disturbance. The AVR generates negative damping torques
that impede the damping process [15]. The power system is
susceptible to the potential loss of synchronization or the
generation of undesired oscillations. To address this issue, the
PSS has undergone an expansion and enhancement process
using advanced technology. The PSS incorporates a damping
element that is synchronized with fluctuations in rotor speed.
This element serves as the primary signal generator for the
system excitation, introducing an additional signal. Therefore,
the installation of the PSS device would serve to enhance the
stability of the system [16]. ANNs are frequently employed due
to their capacity to comprehend intricate nonlinear
relationships and their ability to process applications that
include a substantial volume of past data [17, 18]. This research
project is designed to examine the advancements in control
methodologies for power systems, with a particular emphasis
on the integration of neural network-based controllers with
existing control techniques to enhance reliability and stability.
The results demonstrate that employing an ANN instead of a
PSS with a PID and an AVR for an infinite bus single-machine
enhances the stability of the power system. The deployment of
the AVR and PSS has led to a discernible enhancement in
stability, particularly in normal and minor disturbance
scenarios. In order to enhance stability and control within
operational systems, it is essential to identify more effective
controller parameters. It is important noting that a number of
distinctive optimization techniques have been investigated in
the relevant academic literature. A substantial assortment of
generators, transmission lines, transformers, safety apparatus,
and additional pertinent components constitute the power
system of an electric utility. The principal function of a power
system is to generate, transmit, and distribute electrical energy.
The system's end users can be interconnected at disparate
voltage levels, such as sub-transmission, primary distribution,
and secondary distribution, and they regulate the requisite
generation needs through their continually shifting demand [14,
15]. Authors in [19], studied an ANN-based AVR equipped
with a synchronous generator. In contrast to conventional AVR
systems that depend on PID controllers, the proposed AVR
system employs ANN to guarantee a constant output voltage
despite load fluctuations.

The system uses synchronous generators, induction motors,
and experimental data gathered from the design, encompassing
frequency converters and weight groups. Three distinct
learning methods in MATLAB are employed to train the ANN
with experimental data on the snow. Subsequently, the trained
ANN models are tested individually and their performances are
compared in order to evaluate the optimal control of the
generator output power. Authors in [20] proposed a novel
robust PSS, designated as the Fractional Order PID Controller-
PSS (FOPID-PSS). This system integrates fractional order PID
control with PSS, thus achieving enhanced robustness. The
Integral of the Error Squared (ISE), the measured absolute
Error Average Over Time (ITAE), and the squared error
multiplied by the Interpolated Time FElement (ITSE) are
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effective criteria for evaluating the control performance. The
Bat algorithm (BA), which is driven by echolocation behavior,
is employed to ascertain optimal stability features. Authors in
[21] employed, an ANN to enhance the dynamic stability of
power systems. The model utilizes post-fault generator rotor
angle trajectories as input to forecast the ultimate values and
time for failure of substantial generator stability with precision.
Authors in [22] investigated the use of ANN for the detection
of faults in power lines. The simulations in MATLAB employ
real 132 kV line data from the Enugu station of the
transmission line, along with both real and synthetic
parameters. The ANN is trained and designed to detect a
variety of fault types, including line-to-ground, line-to-line, and
line-to-line-ground faults. The results of the performance
analysis demonstrate that ANN-based methods are an effective
approach for accurate fault detection. Authors in [23], analyzed
the electronic design process, and the use of ANN was
employed to enhance the analytical process. This analysis
incorporates several unknown variables, including the
contained fault mode, fault type, fault location, and fault
resolution time. The proposed method has been proven to
accurately predict the short-term stability of large-scale power
systems. Authors in [24], proposed the optimal advantages of
equations as a means of designing a PSS to address the issue of
slow (LFOs) in power systems. The performance of PSS is
compared to that of ANN methods, with a particular emphasis
on efficiency and effectiveness in the stabilization of power
systems. Authors in [25] propose the use of integrating
decentralized control in a multi-machine power system as the
focus of this work. A model was constructed for each machine
within the grid using the Blondel diagram. This is primarily
due to the fact that the system is nonlinear, necessitating the
use of a Takagi-Sugeno (TS) fuzzy logic controller, which was
demonstrated to provide relatively good performance. A
significant advantage of the proposed control system is its
reduced susceptibility to disturbances. This is further evidenced
by the simulation results on a nine-node Western System
Coordinating Council (WSCC) test grid. The indices of system
damping, matrix page size, transient stability, and voltage
regulation were optimized by minimizing the ITAE for the
optimization criterion. Synchronous numerical simulations
have been conducted on a SMIB system, taking into account
various fault and fault-cleared scenarios [26]. The results
demonstrate the efficacy of the proposed approach in
comparison to traditional PSS methodologies. While the
precise degree of improvement may vary depending on the
specific circumstances, the asserted outcomes include a 5%
reduction in overshoot, an 87% decrease in transient time, and
the absence of steady-state error.

II.  SYSTEM DYNAMIC MODELLING

The nonlinear power system is a highly intricate and
sophisticated entity. Therefore, when selecting a power system,
it is essential to consider the stability of the rotor angle and the
management of generator voltage. Consequently, an AVR is
employed to regulate the generator voltage and guarantee
system stability, in conjunction with a PSS [27, 28]. This
research considers the single-machine connected to SMIB
configuration, as shown in Figure 1 [29-33]. The synchronous
generator model is a seventh-order detailed dynamic model.

However, the third-order model remains a valuable tool for
control and stability analysis of generators associated with
power systems [34]:

da(r) w(t) (1)
dc;_gt) =2 [Pm —Pe (] -2 [w(®)] @
dE:(t) [Efd(t) . (t)] 3)

where, ¢ is associated with the rotor angle of the generator, w
with the speed deviation between the synchronism and the
generator, and P, with the electrical power output delivered by
the generator. The transient Electromagnetic Force (EMF) on
the g-axis is represented by dE, the input mechanical power is
represented by P, and Ej is the input voltage excitation. The
values of Tj,, Kp, and H denote the system components that
correspond to the excitation circuit time constant, damping
torque coefficient, and inertia constant, respectively. Additional
algebraic equations are:

Efd(t) =K, Ep (t) “)
Eq(t) = XdSE 4O - dvS cos8(t) 5)
P(t) = E"“ S sind(t) ©6)
Vt(t) =

XL \/XSZEg(t) + X2X2 + 2X X4 V;Eq (t)coss(t) (7)
ds

where, X = Xp + X?L,de =Xq+Xs Xy =X, +Xs . The
terminal voltage magnitude is represented by V(¢). Vs is the
voltage to the infinite bus, X, and X, are the (g-d-axes)
reactance and synchronous reactance, respectively. X'; is the
transient reactance at the d-axis, while X; and X; are the single
line reactance and transformer, respectively. Although the
electrical active power, P,(t), is accurately measured in
practice, the generator's internal transient voltage is not.
Consequently, in the system dynamic related to (1), the
differential of E',(t) may be replaced by the following electrical
power differential equation:

dr,(t) 1 Vs Xq— X, ,
= ——2sin(8) Epq(t) + —I/;Z wsin?(8) +
dt Tda de dsts
(wcot(6) Xgs 1 )P ® @®)
de

The control action is represented by E, that adjusts the field
voltage to stabilize the system. A combination of PID control
and PSS control can be used to achieve this. Let us denote the
PID controller as upyp and the output of the PSS controller as
upss- The control law for the combined control system is:

dE;iz:m — i [Ka (Vrey — Vi(®) + U(t) — Eza(£)] (9)

where the gain constant exciter is K4 and the time exciter
constant is 7, and:
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U(t) = (upss +upip) (10)

The objective of this research is to demonstrate the efficacy
of employing a neural network to analyze a nonlinear power
conclusion system. The study employs a SMIB model within
the power system, interfaced with an artificial neural network
developed in MATLAB using the Neural Network Toolbox. In

order to maintain the nonlinear dynamics of the system, a
feedforward neural network with time delays is deployed. It is
noteworthy that a discrete model is a prerequisite for the
training process [33].
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Fig. 1. Power system under study: single line diagram.

The model state space for the power system exhibits
nonlinear behavior, which can be described as:

X=X@),0)X() + u(t)}
Y(t) = N((X(£), 0(t)

where X(#) is a vector representing the three states, Y(z) is a
vector representing the output, and Zt) is the vector parameter
for all function parameters. Consequently, these equations
describe the state vector, output vector, and parameter vector.
The state vector X(t) = [ d(1), w(t), E'y(1)], Y(t) = [w(2), V{(1)],
A1) = [Xs, Vsl.

The discrete time for the third-order model with a sampling
time 7, of the generator electrical and rotational dynamics
using Euler approximation can be:

X(k+1) =T, .X(k) + T, u(t) (12)
Sk+1) = Oy + Ts (ws + wy) (13)

an

1

W(k+1) = Wi + Ts (; Pn — P — D(wy — ws) (14)

N N 1

Eqerny = Eqao + Ts -7 Erawo = Eqwol 1s)
where k is the discrete time of the step, (k+1) is the discrete
time of the next step, and T is the sampling time. This research
uses the neuro-controller, and the architecture of the multi-
layer neural network, employing the BP technique, which is
characterized by a feedforward network. This network exhibits
a nonlinear behavior as it operates with many inputs and
outputs.

III. MODELING OF PID CONTROLLER WITH PSS

The operation of power plants is subject to a number of
uncertainties, including those pertaining to the conditions under
which they are operated and the potential for disruption. The
deployment of a PSS is essential for ensuring equipment
efficiency, given that oscillatory stability [32] is maintained
within an optimal operational range. The stratification of
damping torque for an electrical damping torque (47,) in
conjunction with the PSS through the speed variation (dw)
serves to reduce oscillations in the power system. The study
employs an active method that uses the PID controller to
precisely adjust the tuning parameters of the PID-type PSS
novel design structure, thereby determining the optimal PID-
PSS configuration for a SMIB power system [36]. The
principal objective of a PSS is to enhance the stability of a
generator by controlling its excitation through the introduction
of stabilizing signals, which serve to minimize oscillations in
the rotor. The stabilizer generates electrical torque that is
synchronized with every variation in the rotor speed, thereby
providing damping [37]. A PID is a type of control loop
feedback mechanism that addresses the issue of variability
between different operational parameters and the desired input.
It accomplishes this by identifying the underlying issue and
transmitting a corrective signal to optimize the process. In
general, a controller PID can be expressed as: u pip) = K, + K;
+ K,, where K, is the proportional gain, K is the integral gain,
and K, is the derivative gain. The algorithm comprises three
principal parameters: proportional, integral, and derivative
values and oversees the implementation of the desired output
[38]. The Simulink block set has been developed using
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MATLAB software for the analysis and performance
evaluation of the PSS. As evidenced in Figure 2, the PID
controller and PSS validation have been evaluated under
different operational conditions [39]. The stabilizer's input
signal provides the speed deviation (dw) and it is
recommended for a PSS in conjunction with a PID controller to
be employed to enhance the system's stability and performance,
particularly in comparison to existing power systems. The
response of the controller can be evaluated in terms of the
achievement of the error controller, the points at which the
controller exceeds the set point, and the degree of system
oscillation [40].

Terminal Voltage Transducer

Exciter ]—)[ Generator ]: PS
.

—[ Excitation System ]

. (e = [aa |
3%

Block diagram of PID-PSS.

-Vt

+vref 3l AVR

+U

Fig. 2.

IV. DESIGN OF THE NETWORK WITH ANN

In light of the ongoing advancement of power systems and
the growing necessity for high-quality energy, it is imperative
to undertake a comprehensive examination of contemporary
control approaches. ANNs are particularly well-suited for
addressing complex problems in a manner that is more
effective than other techniques. This analysis examines ANN
models and then engages in a comprehensive discussion of
many key aspects. ANNs have been increasingly used in a
variety of power systems to address a range of issues, including
load forecasting, security assessment, fault detection, system
identification, operation, planning, protection, and alarm
processing [41, 42]. In a SMIB, the principal components are a
synchronous generator, a PSS and an excitation system, a
turbine and a governor system, and load dynamics. The
synchronous generator is the component responsible for the
conversion of mechanical energy into electrical energy. The
PSS assists in maintaining system stability by regulating the
excitation level of the generator. The excitation system is
responsible for regulating the terminal voltage and reactive
power output of the generator. The turbine and governor
system are responsible for maintaining the rotor speed at the
desired level. Finally, load dynamics pertain to the behavior of
loads connected to the system that may result in fluctuations in
the power output. These components, in combination, facilitate
the functionality and stability of the SMIB system [2]. The
neuro-controller plays a crucial role in regulating system
parameters, which is essential for achieving stability and
optimal performance in a single-machine infinite bus system

[43]. A variety of training methods may be used for the
development of a neuro-controller within the context of a
single-machine infinite bus system. One approach is supervised
learning. The neural controller offers several advantages over
traditional controllers for power systems, especially in terms of
self-tuning capabilities and its ability to handle nonlinear
characteristics inherent to power systems. This is achieved with
notable success in minimizing overshoot, reducing settling
time, and enhancing overall system stability at varying fault
levels. However, it is not without its limitations, including the
necessity for extensive learning datasets, heightened model
complexity, and augmented processing demands, as well as the
potential for overlearning. Additionally, it appears to be more
of an opaquer system rather than a conventional controller,
which may limit its transparency. Nevertheless, the potential of
the neural controller is evident, and this forms the basis for its
use as an enhanced tool in power system control.

A. Architecture and Training of the Neural Controller

The Neuro-Controller is employed to supplant both a
PSS/AVR and a PID controller, hence facilitating the provision
of E;. ANN employs a multi-layer neural network with a
feedforward network trained using the BP algorithm. The neuro
controllers are composed of one hidden layer and one output
neuron, with two inputs: rotor speed deviation (dw,) and
voltage terminal (V). In subsequent learning trials, the number
of hidden neurons remains constant. During these trials, the
activation function for the hidden layer is that of a sigmoid,
while the activation functions for the input and output layers
are linear. The Levenberg-Marquardt algorithm is employed to
efficiently train the neural network, and is renowned for its
versatility and rapid convergence in nonlinear optimization
systems. Therefore, it can be concluded that this algorithm is
the most optimal among those that have been proposed so far.
The network is trained to reproduce the specified target, or
control signal. In this case, the discrepancy between the NN
output and the reference is employed for the purpose of
adjusting weights during the training process. The neural
control system architecture, as presented in Figure 3, comprises
a neuron at each layer, with the output of each neuron
expressed by:

d'(k) = 1 (Zwk a' (k- 1)) (16)

where f is the activation function. The neural controllers that
are connected to the single machine are subjected to a
comprehensive examination. The network comprises multiple
layers and is feed-forward. The anticipated voltage at the
subsequent instant (k+1) in the future, the actual voltage at the
conclusion, and the generator deviation velocity constitute the
input. The neural controller is responsible for emitting the
actual energy that excites the machine. The NN controller
accepts inputs from either the delayed values of the neural
network's outputs (or the control signal), the system output, or
both. The network is trained to reproduce the specified target,
which is also referred to as the control signal. In this context,
the discrepancy between the NN output and the reference
(target) is employed for the purpose of adjusting weights
during the training process. The network is trained with the
Levenberg-Marquardt backpropagation algorithm, which uses
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the trainlm algorithm. The neural controller is composed of
three inputs, one hidden layer, and one output neuron. The
activation function for the hidden layer is the sigmoid function,
while the activation functions for the input and output layers
are linear. Following the learning trials, the number of hidden
neurons is fixed.

wi(k+1)

ui = Eza: (k)

a;(k+1)

Fig. 3.

Structure of the neural controller.

In order to develop a successful neural controller through
training, the value of the parameters from the machine is taken
and used to train the neural controller. The data set is provided
from SMIB. It should be noted that the parameter values in the
system are updated in a dynamic model when the system
training algorithm is in operation. The neural controller training
was evaluated for different initial conditions, and is given by:

J@k) = 0.5 %[ yak +1) — y(k + D)]? (a7

The gradient descent of the error for the network weights is
a function of the back-propagation method:

3] (k)
owij(k)

0] (k) (18)

Wik +1) = w(k) — ¢ (17
aj(k) _ dy(k+1) dui(k)
awi(k)  dui(k) ow;(k)

where u (k) is the output of the neural controller, which refers
to the Ef;, and ¢ is the learning rate, a hyperparameter
controlling the step size during weight updates. The simulation
results were obtained through the implementation of a
specialized learning approach for neural networks. The initial
step in developing a neural network controller is to define an
appropriate network architecture, which involves specifying the
number of neurons and the number of layers in each layer. A
typical neural controller comprises a single output neuron and a
single hidden layer. Following several learning trials, the
number of hidden neurons remains constant, and the
architecture that yields the fewest errors is selected. In regard to
the hidden layer, the sigmoid activation function is a standard
approach, whereas the input and output layers typically employ
the linear activation function.

It is therefore imperative to select an appropriate structure
for the neural network. The training of the NN commences
with a predefined number of neurons, and its performance is
assessed through the recording of outcomes. In the event that
the performance of the neural network fails to achieve the
desired level of precision and accuracy, an additional neuron is
added to the network, followed by retraining. This process is
repeated until either the mean squared error reaches a
sufficiently low level or no substantial improvement is

observed when the neural network is expanded. To assist in the
selection process, numerous trials have been based on the
aforementioned process, resulting in a final NN structure
comprising three inputs, 12 neurons in the hidden layer, and a
single output. Following the training trials, the optimal
configuration is determined to be a network with three neurons
in the input layer, twelve neurons in the hidden layer, and one
neuron in the output layer. The data set comprises 2,000
samples, each of which was captured with the values of the
state variables of the system and the corresponding control
action taken at that time. The learning rate for this data set is
set to 0.01, which allows for the control of the step size through
weight updates. The data under study are typically divided into
three categories: training data, which constitute 70% of the
total data set, validation data, which typically constitute 15% of
the data set and test data, which make up the remaining 15% of
the data set. The performance is also measured in terms of the
mean squared error. The mean square learning process,
conducted using the Levenberg-Marquardt algorithm, yielded
an average of 5.5727e107° at epoch 603, representing the
optimal validation performance, as depicted in Figure 5.

Neuro- \
ye(k+1) u(k) plant

Controller

\

y (k) z-1

X(k+1)

a|

y(k+1)

D

Fig. 4. Neural network controller of the training process.

Best Validation Performance is 5.5727e-06 at epoch 603

°
g —Train
b —Validation
3 —Test
c Best
g Goal
e
]
3
*2
(0] . A
c e
G [
]
2
0 100 200 300 400 500 600

609 Epochs

Fig. 5. Feedforward NN performance.

The process for validating the neural controller in the SMIB
system presents a planned approach to ensuring its
functionality and stability, particularly with regard to the
voltage terminal. The process commences with the
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enhancement of an intricate SMIB model, which includes the
dynamics of the synchronous generator. The subsequent phase
of the process entails the design of a neural controller that
optimizes the performance of the excitation system under a
range of operational scenarios. The training process for the
neural controller entails the usage of a dataset for the purpose
of acquiring an understanding of the intricate relationship
between the state system and the desired control inputs. The
test validation encompasses the examination of the system
under steady-state and transient conditions, in addition to a
robustness assessment of the parameters. A comparative

analysis should be conducted with traditional control strategies,
with the performance metrics of voltage deviation and settling
time evaluated. The validation findings are meticulously
documented in order to highlight the strengths and limitations
of the neural controller, thereby providing insights for further
refinement and optimization.

B. Simulation Results

The power system under consideration is a single-machine
system. The stability of a single-machine transmission system
is analyzed in Figure 6.
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-tS!ta_!Lar voltage vd (pu> _r"ﬂ
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Fig. 6.

The simulations are conducted using MATLAB (R2019a),
and the simulation approach is employed to assess the
performance of a neuro-controller in regulating a SMIB
system. The neuro-controller is designed as a multi-layer
feedforward neural network, trained using the Levenberg-
Marquardt backpropagation algorithm (trainlm) method.
Following the training trials, the optimal configuration was
determined to be a neuro-controller with three neurons in the
input layer, twelve neurons in the hidden layer, and one neuron
in the output layer. The neuro-controller receives inputs,
including rotor speed deviation (4w,) and voltage terminal (v,),
along with a previous value of v,, to generate the control signal
Ej,. Simulations are conducted using MATLAB/Simulink, with
the neuro-controller serving as a substitute for the PSS or AVR
controllers. An ANN is used to replace a PSS/AVR controller
in the machine, therefore enhancing both steady-state stability
and voltage regulation in the power system. The simulation is
conducted for the various types of controllers, including AVR
without PSS, AVR with PSS and PID, and AVR with ANN,
and both steady-state conditions and dynamic responses to
disturbances are examined, with a comparison of the
performance of the neuro-controller against that of traditional
control methods. The system was subjected to a three-phase to

210 MVA 13.8 kv 1 230 kV <|:n
'I(.‘fv'f‘."."
L

_,* 1 ¢

A

10,000 MVA, 230 kY
0urce

B
Ch

[-¢]

}( 4-Phase Faull

Model under study in power system.

ground fault at two different times. The first and second faults
occurred near the load at =1 s and cleared at 100 ms and 300
ms, respectively, by the disconnection of the faulted line. The
results demonstrated the terminal voltage (v,), rotor speed
deviation (w), and load angle (6), as illustrated in Figures 7 and
8.

The simulation results display the differences between the
neuro-controller and other neural controllers, including the PID
and PI controllers. The objective of this study is to conduct a
comprehensive analysis with the aim of evaluating the
efficiency of the neuro-controller in enhancing the system
stability and the response characteristics. The incorporation of
ANN has resulted in a notable reduction in the system's
growing and settling times, when compared to traditional
control methods, such as AVR+PSS with PID and AVR. It is
evident that upon the removal of the short circuit and
subsequent alteration of the topology, the system reverts to its
equilibrium state. The employment of a conventional
AVR+PSS controller results in the destabilization and
fragmentation of the system. It is evident that the
implementation of neural controllers in power systems leads to
a discernible enhancement in transient stability, particularly in
the context of fault conditions.
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V. CONCLUSIONS

This paper presents the design of a novel neuro-controller
developed for the control of the excitation system of
synchronous generators in the Single Machine Infinite Bus
(SMIB) power system. The main contribution of this work is
the use of the Levenberg-Marquardt algorithm for training the
weight coefficients of the Artificial Neural Network (ANN),
which has not been tried in power system control. Compared
with Power System Stabilizer (PSS) and Proportional-Integral-
Derivative (PID) controllers, this paper proposes an effective
control method that improves the transient stability and voltage
regulation, and simulations are  performed in
MATLAB/Simulink under different operating situations.
Compared with other similar works that aim to analyze the
conventional control approaches, the present work shows that
the proposed ANN-based neuro-controller exhibits faster
response, higher precision and better generalization ability.
Thus, the results presented in this paper indicate that the
proposed ANN controller offers improved performance as well
as more stability of power system operation in a wider range of
disturbed conditions. This paper contributes to the use of neural
networks in power system control and provides practical means

to advance the conventional approaches for further
development of the subject.
REFERENCES

[1] P. S. Kundur, N. J. Balu, and M. G. Lauby, "Power system dynamics
and stability," Power System Stability and Control, vol. 3, pp. 700-701,

2017.

P. M. Anderson and A. A. Fouad, Power System Control and Stability,
2nd ed. Hoboken, New Jersey, USA: Wiley-IEEE Press, 2002.

M. Ahmad, Operation and control of renewable energy systems. Wiley
Online Library, 2018.

A. J. Wood, B. F. Wollenberg, and G. B. Sheblé, Power Generation,
Operation, and Control, 3rd ed. Hoboken, New Jersey, USA: Wiley-
Interscience, 2013.

J. Machowski, J. W. Bialek, and D. J. Bumby, Power System Dynamics:
Stability and Control, 2nd edition. Chichester, UK: Wiley, 2008.

D. S. Kirschen and G. Strbac, Fundamentals of Power System
Economics, 1st ed. Chichester, UK: Wiley, 2004.

E. P. Popov, The Dynamics of Automatic Control Systems. Elsevier,
2014.

K. R. Padiyar, Power System Dynamics : Stability & Control, 2nd ed. BS
Publications, 2008.

J. Kumar, P. P. Kumar, A. Mahesh, and A. Shrivastava, "Power system
stabilizer based on artificial neural network," in 2011 International

(51
(6]
(71
(81

[91

www.etasr.com

Alhalim et al.: A Neural Controller Design for Enhancing Stability of a Single Machine Infinite Bus ...



Engineering, Technology & Applied Science Research

Vol. 14, No. 6, 2024, 18459-18468 18467

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

Conference on Power and Energy Systems, Chennai, India, Dec. 2011,
pp. 1-6, https://doi.org/10.1109/ICPES.2011.6156656.

W. A. Oraibi, M. J. Hameed, and R. S. Jasim, "An Adaptive Neuro-
Fuzzy based on Reference Model Power System Stabilizer," Journal of
Advanced Research in Dynamic and Control Systems, vol. Volume 11,
no. 01-Special Issue, pp. 1799-1810, 2019.

F. Jamsheed and S. J. Igbal, "A minimal architecture neuro adaptive
predictive control scheme for power system stabilizer," International
Journal of Electrical Power & Energy Systems, vol. 137, May 2022, Art.
no. 107750, https://doi.org/10.1016/j.ijepes.2021.107750.

S. Kamel, B. Ziyad, and H. M. Naguib, "An Indirect Adaptive Fuzzy
Sliding Mode Power System Stabilizer for Single and Multi-machine
Power Systems," in Advances and Applications in Sliding Mode Control
systems, A. T. Azar and Q. Zhu, Eds. Cham, Switzerland: Springer
International Publishing, 2015, pp. 305-326.

W. Liao, B. Bak-Jensen, J. R. Pillai, Y. Wang, and Y. Wang, "A Review
of Graph Neural Networks and Their Applications in Power Systems,"
Journal of Modern Power Systems and Clean Energy, vol. 10, no. 2, pp.
345-360, Mar. 2022, https://doi.org/10.35833/MPCE.2021.000058.

B. Dasu, S. Mangipudi, and S. Rayapudi, "Small signal stability
enhancement of a large scale power system using a bio-inspired whale
optimization algorithm," Protection and Control of Modern Power
Systems, vol. 6, no. 4, pp. 1-17, Oct. 2021, https://doi.org/10.1186/
s41601-021-00215-w.

S. Ekinci, A. Demiroren, and B. Hekimoglu, "Parameter optimization of
power system stabilizers via kidney-inspired algorithm," Transactions of
the Institute of Measurement and Control, vol. 41, no. 5, pp. 1405-1417,
Mar. 2019, https://doi.org/10.1177/0142331218780947.

A. Kharrazi, "Artificial Neural Network Based Power System Stabilizer
on a Single Machine Infinite Bus System Modelled in Digsilent
Powerfactory and Matlab," Electrical Engineering : An International
Journal, vol. 2, no. 2/3/4, pp. 01-11, Dec. 2015, https://doi.org/
10.5121/eeij.2015.2401.

M. E. C. Bento, "Load Margin Assessment of Power Systems Using
Artificial Neural Network and Genetic Algorithms," IFAC-
PapersOnLine, vol. 55, no. 1, pp. 944-948, Jan. 2022, https://doi.org/
10.1016/j.ifac01.2022.04.155.

M. A. Abido, "An efficient heuristic optimization technique for robust
power system stabilizer design," Electric Power Systems Research, vol.
58, no. 2, pp. 53-62, Jun. 2001, https://doi.org/10.1016/S0378-
7796(01)00113-4.

G. Bal, O. Kaplan, and S. S. Yalcin, "Artificial Neural Network Based
Automatic Voltage Regulator for a Stand-Alone Synchronous
Generator," in 2019 8th International Conference on Renewable Energy
Research and Applications (ICRERA), Brasov, Romania, Nov. 2019, pp.
1032-1037, https://doi.org/10.1109/ICRERA47325.2019.8997098.

L. Chaib, A. Choucha, and S. Arif, "Optimal design and tuning of novel
fractional order PID power system stabilizer using a new metaheuristic
Bat algorithm," Ain Shams Engineering Journal, vol. 8, no. 2, pp. 113—
125, Jun. 2017, https://doi.org/10.1016/j.asej.2015.08.003.

B. P. Soni, V. Gupta, R. Kumar, A. Saxena, and S. L. Surana,
"Application of ANN for stability assessment of large power system by
post-fault rotor angle measurements," in 2018 IEEMA Engineer Infinite
Conference, New Delhi, India, Mar. 2018, pp. 1-6, https://doi.org/
10.1109/ETECHNXT.2018.8385363.

O. E. Okwudili, O. A. Ezechukwu, and J. C. Onuegbu, "Artificial neural
network method for fault detection on transmission line," International
Journal of Engineering Inventions, vol. 8, no. 1, pp. 47-56.

U. Shahzad, "Probabilistic Transient Stability Assessment of Power
Systems Using Artificial Neural Network," Journal of Electrical
Engineering, Electronics, Control and Computer Science, vol. 8, no. 1,

pp. 3542, Sep. 2021.

N. Rosle, N. F. Fadzail, and M. N. K. H. Rohani, "A Study of Artificial
Neural Network (ANN) in Power System Dynamic Stability," in /0th
International Conference on Robotics, Vision, Signal Processing and
Power Applications, Singapore, 2019, pp. 11-17, https://doi.org/
10.1007/978-981-13-6447-1_2.

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

M. B. Ammar, W. Bahloul, M. A. Zdiri, and H. H. Abdallah, "New
decentralised control based on T-S fuzzy logic approach of an electrical
wind-source integrating grid," International Journal of Modelling,
Identification and Control, vol. 41, no. 3, pp. 256-276, Jan. 2022,
https://doi.org/10.1504/1JMIC.2022.127530.

W. Bahloul et al., "A Backstepping Control Strategy for Power System
Stability Enhancement," Sustainability, vol. 15, no. 11, Jan. 2023, Art.
no. 9022, https://doi.org/10.3390/su15119022.

Y. Batmani and H. Golpira, "Automatic voltage regulator design using a
modified adaptive optimal approach," International Journal of Electrical
Power & Energy Systems, vol. 104, pp. 349-357, Jan. 2019,
https://doi.org/10.1016/j.ijepes.2018.07.001.

A. Fattollahi, "Simultaneous Design and Simulation of Synergetic Power
System Stabilizers and a Thyristor-Controller Series Capacitor in Multi-
Machine Power Systems," Journal of Intelligent Procedures in
Electrical Technology, vol. 8, no. 30, pp. 3—14, 2017.

A. Kumar, "Nonlinear AVR for power system stabilisers robust phase
compensation design," IET Generation, Transmission & Distribution,
vol. 14, no. 21, pp. 4927-4935, Nov. 2020, https://doi.org/10.1049/iet-
£td.2020.0092.

A. K. Zahrani and M. Parastegari, "Designing PSS and SVC Parameters
simultaneously through the improved quantum algorithm in the multi-

machine power system," Journal of Intelligent Procedures in Electrical
Technology, vol. 8, no. 31, pp. 68-75, 2017.

M. Mahdavian and N. Behzadfar, "A review of wind energy conversion
system and application of various induction generators," Journal of
Novel Researches on Electrical Power, vol. 8, no. 4, pp. 55-66, 2020.

Z. Li, Y. Yang, and X. Bao, "Simulation and analysis of the third-order
model of synchronous generator based on MFC," in 2009 International
Conference on Mechatronics and Automation, Changchun, China, Aug.
2009, pp. 42524256, https://doi.org/10.1109/ICMA.2009.5246515.

G. Zhang et al., "Deep Reinforcement Learning-Based Approach for
Proportional Resonance Power System Stabilizer to Prevent Ultra-Low-
Frequency Oscillations," IEEE Transactions on Smart Grid, vol. 11, no.
6, pp. 5260-5272, Nov. 2020, https://doi.org/10.1109/TSG.2020.
2997790.

P. S. Kundur, Power System Stability and Control, 1st ed. New York,
NY, USA: McGraw Hill, 1994.

S. Gu, J. Qiao, W. Shi, F. Yang, X. Zhou, and Z. Zhao, "Multi-task
transient stability assessment of power system based on graph neural
network with interpretable attribution analysis," Energy Reports, vol. 9,
pp. 930-942, Oct. 2023, https://doi.org/10.1016/j.egyr.2023.05.159.

D. E. Babatunde, A. Anozie, and J. Omoleye, "Artificial Neural Network
and its Applications in the Energy Sector — An Overview," International
Journal of Energy Economics and Policy, vol. 10, no. 2, pp. 250-264,
Jan. 2020.

M. T. Hagan, H. B. Demuth, and O. D. Jesis, "An introduction to the
use of neural networks in control systems," International Journal of
Robust and Nonlinear Control, vol. 12, no. 11, pp. 959-985, 2002,
https://doi.org/10.1002/rnc.727.

S. Kadiman, O. Yuliani, and T. Handayani, "Teaching power system
stabilizer and proportional-integral-derivative impacts on transient
condition in synchronous generator," Bulletin of Electrical Engineering
and Informatics, vol. 10, no. 5, pp. 2384-2395, Oct. 2021,
https://doi.org/10.11591/eei.v10i5.3087.

A. S. S. Debs, Modern Power Systems Control and Operation, 1st ed.
Boston, MA, USA: Springer, 2011.

J. Li, Design and Application of Modern Synchronous Generator
Excitation Systems, John Wiley&Sons. John Wiley & Sons: John Wiley
& Sons, 2019.

M. T. Haque and A. M. Kashtiban, "Application of neural networks in
power systems; a review," International Journal of Energy and Power
Engineering, vol. 1, no. 6, pp. 897-901, 2007.

D. M. Eltigani, K. Ramadan, and E. Zakaria, "Implementation of
transient stability assessment using artificial neural networks," in 2013
International Conference on Computing, Electrical and Electronic
Engineering, Khartoum, Sudan, Aug. 2013, pp. 659-662,
https://doi.org/10.1109/ICCEEE.2013.6634018.

www.etasr.com

Alhalim et al.: A Neural Controller Design for Enhancing Stability of a Single Machine Infinite Bus ...



Engineering, Technology & Applied Science Research Vol. 14, No. 6, 2024, 18459-18468 18468

[43] M. A.J. Al-Ani, M. A. Zdiri, F. B. Salem, and N. Derbel, "Optimized
Grid-Connected Hybrid Renewable Energy Power Generation: A
Comprehensive Analysis of Photovoltaic, Wind, and Fuel Cell Systems,"
Engineering, Technology & Applied Science Research, vol. 14, no. 3,
pp- 13929-13936, Jun. 2024, https://doi.org/10.48084/etasr.6936.

www.etasr.com Alhalim et al.: A Neural Controller Design for Enhancing Stability of a Single Machine Infinite Bus ...



