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ABSTRACT - Voltage instability due to the
occurrence of disturbance and power flow
congestion has negatively impacted the power
system network. The research centered on the
voltage stability using machine learning model to
prevent voltage drop and voltage collapse. The data
utilized was a 132 kV Nigerian transmission system
connecting Aba TS and Itu TS. The data obtained
was modelled in the Power System Analytical Tool
(PSAT) and then simulated to generate the steady
state power system analysis that was utilized for the
formulation of the machine learning model. The
type of machine learning utilized was a deep
learning model (recurrent neural network). The
outcome of the machine learning model was
implemented in the PSAT model with the power
system network. The results generated were the
steady power flow parameters and the dynamic
outcome (dynamic voltage) of the buses. The
percentage improvement with the implementation of
the machine learning model were as follows; voltage
has 28 % improvement, active power flow had 31.2
% improvement, reactive power flow had 33.4 %
improvement, active power loss had 272 %
improvement and reactive power loss had 29.43 %
improvement. For the dynamic voltage, the
improvement achieved were 21% and 22.4 %
overshoot for bus 1 and bus 2 respectively, 17 %
and 19.22 % undershoot for bus 1 and bus 2
respectively and saturation time of 14 second and
9.87 seconds for bus 1 and bus 2 respectively. The
outcome indicated that machine learning models is
effective in improving the voltage profile and
stability of the power system network.

KEYWORDS: Power System Analytical Tool
(PSAT), Machine Learning, Nigerian Power System
Network, Convolution neural Network (CNN),
Recurrent Neural Network (RNN).

I. INTRODUCTION
In power system network, voltage stability
refers to the ability and capacity to maintain the
voltage levels at acceptable and steady points within
the power system equipment under the occurrence
of varying load conditions and influence of

disturbance. This means that the voltage stability of
the power system network must be maintained at all
times to ensure that there was no voltage drop or
voltage collapse even with the occurrence of
significant fault and disturbances as this ensures
improvement in power quality and voltage stability.

Voltage instability must be prevented in
power system network as it would lead to voltage
drop and voltage collapse resulting to a total
blackout of the power system network affecting the
economy of any location it occurs. Voltage stability
can be negatively impacted by occurrence of various
disturbances which includes load changes, faults,
load changes weather events and power system
equipment failures. Voltage instability can also be
caused by fault cascade, power outage cascade and
loss of power generation synchronism. Hence, it is
important to ensure that voltage stability is sustained
at all the bus units and other power system
components after occurrence of fault and
disturbance. Voltage instability can also manifest as
a progressive increase or decrease in voltages of
transmission and generation buses.

Transmission line networks are used to
enable the long-distance transmission of power. A
few research groups have developed deep learning
models to identify partial discharge (PD) from non
(PD) signals collected from a publicly-available
dataset. ENET Centre in Czech Republic developed
a meter to measure the voltage signal induced by the
stray electric field along covered conductors that
contained PD or fault signals. The dataset contains
noisy real-world measurements from high-frequency
voltage sensors, where the objective is to identify
damaged three-phase, medium-voltage overhead
power lines (Adetokunet al., 2021). In 2020, the
authors of Alimi et al. (2020) performed pre-
processing of the raw data in order to remove noise
and low-frequency components of the signals. The
output of this process was the time and frequency
representation of the signal by applying short-term
Fourier transform.

The time and frequency domain positive
and negative half cycle signals are the input to the
proposed deep learning algorithm. The proposed
model is a Dual Cycle Consistency network. Both
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time and frequency domain branches consist of three
blocks. Each block contains a 2D convolution layer,
a Rectified Linear Unit (ReLU), and a batch
normalization layer. The output from block-3 of the
time-domain and frequency-domain branches is
passed through a global average pooling layer, a
shared fully connected layer, and a sigmoid layer. In
order to calculate the cycle-consistency loss, the
outputs are fed to the dual-domain attention module
block (DDAM) for joint learning. The prediction is
then based on the weighted average of the output
from the fully connected layers and the output from
the DDAM block. The results are compared with
other models such as Random Forest, Resnet18 +
VggNetll, and LSTM. The performance metric
used is the Matthews Correlation Coefficient
(MCC), in addition to precision, recall, and F1-
score. The authors reported better results compared
to the other approaches.

The authors of (Ali ef al., 2023) developed
a model based on time-series decomposition and
LSTM for to classify PD from non-PD signals from
the same public dataset.  Seasonal-Trend
decomposition using Loess (STL) was used to
decompose each raw signal into three parts: trend,
seasonal, and residual. PD is mostly reflected in the
residual part. Four different STL modules with
different seasonal window lengths were used to
generate four different residual components. Feature
engineering was then applied on the residual parts
where a sequential feature vector is extracted. As a
result, many-to-one sequential data are generated
and are considered as the input to the long short-
term memory network (LSTM) classifier.

The proposed model was compared with
other classifiers such as fully connected layers,
SVM, XGBoost, and Multivariate Logistic
Regression (MLR). The proposed model showed
enhanced classification accuracy compared to the
other models. In 2021, the authors of (Aminifaret
al., 2022) aimed to classify PD versus no-PD signals
using the same publicly-available dataset of
damaged power lines as the previous paragraph. The
proposed model was a traditional 1D CNN model
where a Global Average Pooling (GAP) layer is
employed before the fully connected layer.

Each sample in the dataset is comprised of
voltage of the three phases over one period. For
each phase, a high pass filter is used to remove the
power frequency, after which a maximum filter is
used to extract a set of pulses. Each set of pulses
from each phase is the input to the trained 1D CNN.
Finally, the decision on the label of the power line is
based on the three outputs of each phase. In order to
visualize what the model is looking at, in order to
decide on the label, a pulse activation map (PAM)

was used. The evaluation metrics used are Matthews
Correlation Coefficient, precision, recall, and
accuracy. The authors compared their results with
other publicly reported results where models such as
LSTM were used. The proposed model showed
enhanced results, and the authors suggested that a
larger dataset will be more compatible for
hyperparameter tuning. In Amroune (2021): Assis et
al. (2021), the authors aimed to classify PD versus
no PD using the same dataset as the previous papers,
which included the three-phase voltage signals. FFT
noise reduction algorithms were used on the raw
data. The proposed model was a CNN-LSTM model
with an attention layer before the classification
layer. Starting with two blocks of convolution and
max-pooling layers, the output is fed to a fully
connected layer which is considered as the input to
the LSTM layer.

The output of the LSTM is the input to an
attention layer, where multiplication of the feature
vector obtained from the LSTM is done with
learnable weight coefficients. The output of the
attention layer is fed to a sigmoid which decides on
PD versus no PD label. The performance metrics
used are precision, recall, and F1- score. The
proposed model is compared with other traditional
models such as SVM, CNN, and bidirectional
LSTM. The study reported higher average accuracy
compared to the other models. The papers discussed
in this section used the same publicly-available
dataset, where different DL approaches were
adopted to detect PD pulses from non-PD. This
serves as proof that different DL algorithms can
give good results: however, the deployment of such
algorithms in real-life systems would definitely give
a better perspective of what models to use. This
section was also a good example to show how
various DL techniques can be evaluated using a
common dataset.

Power Generation Plants: Rotating Generator
Plants

In rotating machines, voltages are
generated due to time-varying magnetic fields,
which is the result of the change in the flux (Ayas
and Sahin, 2023). The change in the flux results
from the mechanical motion of the rotating machine.
Rotating machines consist of stator and rotor
structures which are made of thin laminations of
electrical steel, insulated from each other in order to
reduce losses and prevent discharges and faults to
take place. Various types of stress, such as thermal,
electrical, ambient, or mechanical stress, can affect
the insulation system of rotating machines.
Statistical data show PD activities have preceded a
large number of stator failures (Bhatnagar et al,
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2024) and, as such, PD detection in rotating
machines has been attracting attention. Extensive
research has been done on using traditional machine
learning techniques, such as Naive Bayes-, SVM-,
and kNN-based techniques (Cao et al., 2021), for
rotating machine electrical insulation diagnosis.
This section mentions the work done using deep
learning for the rotating machine PD diagnosis.

The PPRDs of a number of sources of PD
found in rotating machines through online PD
measurements in hydro-generators operating in real-
world conditions have Dbeen collected in
(Chandrasekaran et al., 2021). The PD sources are:
internal void, internal delamination, delamination
between conductors and insulation, slot, corona,
surface tracking, and gap discharges. The authors
proposed a methodology to de-noise the PRPDs first
and use an image pre-processing technique to
separate different clouds in the PRPD patterns. The
output of this stage was denoised sub-PRPDs which
represent different sources of PD. Three features
which are extracted for each sub-PRPD are the input
to four different artificial neural networks (ANN).
These different ANNs were incorporated in a
hierarchical fashion in order to perform the final
classification. The authors reported a good overall
classification accuracy for all the PD sources.

A framework was proposed using visual
data analysis for PD source classification in
hydrogenerators with a minimum of labeled data
(Chatterjee et al, 2023). A convolutional encoder
was used to project the PD signals acquired from the

generator stators to a 2D-visualization latent space.
This serves as a visual aid for the expert to analyze
the distribution of the training dataset. After being
labeled by the experts, the labeled data are trained
by a neural network classifier. Other unlabeled data
are tested using the already trained classifier, and if
any conflict area appeared on the 2D latent space,
the human experts will have to label by conflict area
sample data. The new labeled data are then added to
the dataset, and this procedure is done in an iterative
manner until the area of conflicted data is
minimized. This study reported a base that
integrates both expert knowledge and the
advantages of deep learning in order to have a
correctly-labeled dataset of PD sources. Although
performing preprocessing of the input data is crucial
to help the models learn the intrinsic characteristics
of patterns (that is, denoising in HV applications),
future work should focus on applying different
denoising techniques. Investigating the effect of
different denoising techniques on the effectiveness
of the DL models yields better understanding of the
learning process. Moreover, it is observed that more
research is being directed towards exploring the
problem of unlabeled data, which is a crucial step
for the deployment of any algorithm in a real-life
diagnosis system.

Gas insulated switchgear (GIS) is widely
used in the industry (Duchesne et al., 2020) with
Nigeria power system network not left out. A GIS
platform is shown in Figure 1.

Figure 1: Switch gear of generation power plant
Source: Duchesne et al. (2020).

GIS has its components close to each other
which makes the fault occurrence in one component

transfer to other components easily (Dutta and
Swarup, 2024). The components of the GIS are
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power conducting components and the control
system. The power conducting components are
responsible for ensuring the flow of the electric
current in the system, and the control systems work
on monitoring the behavior of the conducting
components. Thermal, mechanical, and electrical
faults comprise the main faults that take place in a
GIS platform. This section reviews the application
of deep learning to solve the problem of
classification of only PDs (electrical faults) in GIS.
For the condition monitoring of GIS, different
detectors have been used in literature including
antennas, coupling capacitors, high frequency
current transformer (HFCT), UV sensor, thermal
sensor and Rogowski coils (Ekpaet al., 2024).

Fault Detection with Waveforms

In 2019, a traditional CNN model was used
to differentiate between synthetic PD pulses in
power cables (Labed and Labed, 2019). The
variability in the synthetic dataset was introduced by
the signal-to-noise ratio (SNR) and the position at
which the PD initiated. The model was compared
with a support vector machine (SVM), where the
study reported enhanced results using the proposed
algorithm.

In the same year, five types of artificial
defects in ethylene-propylene-rubber cables in a
high voltage laboratory were collected to generate
signals containing PD data as reported in (Khodayar
et al, 2020). Seventeen features were extracted
from the time-series waveforms corresponding to
characteristics such as pulse width, rise time, fall
time, peak voltage, pulse polarity, mean voltage, and
root mean square (RMS) voltage. In addition, 16
wavelet features were extracted from the transient
signals using Wavelet Transform. In total, 33
features constituted the input corresponding to each
signal to the proposed CNN model. Analysis was
performed on the effect of the change in the
hyperparameters of the CNN architecture such as
the number of layers and the convolution kernel
sizes. The results were compared with those
obtained using SVM and back propagation neural
network (BPNN) models. The study reported better
classification accuracy when compared with the
other two models.

In 2020, four common DC insulation faults
were simulated during the operation of XLPE cables
that include conductor burrs, external semi-
conductive layer residue, internal air gap, and
scratch on the insulation surface as reported in
(Khosravi et al., 2025). A modified Canny edge
detection operator was used in order to extract the
part of the time series signal which includes the PD.
A deep belief network is proposed by the authors

where the ADAM optimizer is used. The authors
compared their model performance with naive
Bayes, K-nearest neighbor (kNN), support vector
machine (SVM), and back propagation neural
networks (BPNN). The authors reported the
confusion matrices of the models and compared the
classification accuracy. The proposed model
outperformed the other methods, and it was reported
that, as the training dataset increases, the
classification accuracy increases as well.

An ensemble of deep learning algorithms
was used to differentiate between PD signals and
noise signals in medium voltage power cables (Lal
and Varadarajan, 2023). The samples were collected
from offline in-service cables. The idea behind
using ensemble learning is to allow more than one
neural network to make the classification decision.
CNN, convolutional RNN, LSTM, and bidirectional
LSTM (BILSTM) were used in the ensemble frame,
but two of these models were used at a time. In this
paper, two scenarios were considered: In one
scenario where there is difference in the prediction
of a sample between two deep learning (DL)
models, a human expert will have to decide on the
label of that sample, and in the other, the output
from the activation function of two different models
were added together. Five different cables were
tested on the trained models. Adaption training was
done for each of the five cables where the classifier
layer is re-trained with the measured calibration
pulse specific to each cable. The authors reported
the results of the five cables for the two ensemble
scenarios and with different binary selection of the
above-mentioned DL algorithms. They also reported
the results when each DL model is used alone. It
was reported that the CNN paired with the BILSTM
gave the best results.

In (Liu et al., 2025), the authors aimed to
target the problem of losing the voltage signal
information that is used for plotting PRPD patterns.
Different datasets consisting of three types of cable
joint defects were generated in a lab environment,
where the signals were recorded using an
oscilloscope. Pulse sequence analysis (PSA) was
performed by using the change in the magnitude of
the PD pulses resulting in a magnitude difference
heat map image that was as the input to the
proposed CNN model. Investigation was carried out
to optimize the CNN hyper parameters, in addition
to investigating the effect of the different image
features including the size, type, color, and marker
size of the images. The authors compared the
accuracy of the model with having PRPDs as input
versus the PSA as input. The authors claimed that
using PSA instead of PRPD yields a higher
classification accuracy.
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The authors in (Ma et al., 2021) classified
and localized ten faults in an 11-kV, three-phase
underground  cable consisting of  various
combinations of phase to phase or to ground faults.
The dataset was generated by simulation using
PSCAD/EMTDC software with varying different
system parameters such as fault inception angle and
fault location. Additive Gaussian white noise was
added to the signals. The authors proposed a CNN-
LSTM architecture along with the application of a
sliding window technique. The input to the
architecture is the current and voltage signals, and
the outputs are the fault location, fault inception
time, and fault type. The authors compared their
results with other deep learning architectures such as
CNN and LSTM. The authors reported better
performance for their model compared with other
models.

A simulation model using Mat lab was
developed in (Machvarapuet al., 2019) to generate
fault signals of an underground cable distribution
system consisting of sixteen cables. The fault types
are ground fault, short-circuit fault, or open-circuit
fault for each of the three phases of the sixteen
cables. The authors proposed a deep belief network
for this purpose and they compared the classification
accuracy with a shallow neural network. The
authors reported better results for the proposed deep
learning model.

The authors of (Mantach et al, 2022)
located aged cable segments in underground power
distribution systems labeled as even ageing, uneven
ageing, and terminal ageing patterns. The signals
were captured using an HFCT. The authors
proposed a combined stacked autoencoder and CNN
architecture for detecting aged segments. When an
aged segment is detected, another CNN model was
developed to indicate the location and severity of
the aged segment. The authors compared the results
with other machine learning models such as support
vector regression and deep belief network. The
proposed model performed better compared with
other models for both detection and localization of
the aged segments.

Mazhaaret al. (2023) proposed a technique
to detect the inception faults that take place in
cables. The authors used PSCAD/EMTDC in order
to simulate the inception fault signals, over-current
disturbance signals, and normal current signals. The
authors proposed an architecture that includes a
sparse auto encoder followed by a deep belief
network. They compared the classification accuracy
with support vector machine and K-nearest

neighbor, where they reported better results
performed by the proposed model.

The authors of (Mirsacidier al, 2023)
aimed to detect inception faults as well. They used
PSCAD/EMTDC as well, where variability in the
generated signals was introduced by changing some
parameters in the simulation model such as fault
impedance and fault location. The authors proposed
restricted Boltzmann machine to compress the
signals. This was the input to the stacked auto
encoder. The authors investigated the trained model
performance with simulated and measured data. In
addition, they compared the classification accuracy
with other models such as CNN, deep belief
network, and random forest. The proposed model
outperformed the other models.

In (Miraftabzadehet al., 2021), the authors
detected phase-to-ground faults in a typical 10 kV
resonant grounding distribution system, which was
simulated using PSCAD/EMTDC. The signals were
generated under different fault conditions including
different fault locations, different grounding
resistances, and different fault initial phase angles.
Continuous wavelet transform (CWT) was applied
to the signals to generate 2D images. The images
were transformed to grey-scale, and this was the
input to the CNN. The authors investigated the
robustness of the model to different parameters such
as interference. The authors compared the results
with SVM and adaBoost, and they reported that the
proposed model gave better results. Although the
investigation of different DL techniques is essential
for the sake of completeness of any work, it is
observed that having common, publicly-available
datasets can help in focusing on the generalization
of any developed algorithm. In addition, as
mentioned in previous sections, the investigation of
the effect of any preprocessing technique is
necessary in order to have a deeper understanding of
the intrinsic characteristics that the DL model is
learning (Mobassiret al., 2024)).

Transformers

Power transformers play a significant role
in power systems, so any failure in this apparatus
may interrupt the power supply and cause outages
and loss of profit. A photo of a power transformer is
shown in Figure 2. One of the beneficial methods
for preventing the failure in the power transformers
and raising the reliability of these systems is
detecting faults in power transformers accurately
and promptly (Mollaieeet al., 2021).
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Figure 2:(a) Represents the image of the transformer, (b) Points to the installed components on the top of
the transformer.
Source: Mollaieeet al. (2021)

Whether the target is to classify/localize the
sources of PDs/faults taking place in a transformer,
or to identify overheat or vibration, deep learning
has been used for this purpose. The following
section summarizes the literature on the use of deep
learning for the transformer application (Mollaieeet
al., 2021).

Since their evolution, humans have been
using many types of tools to accomplish various
tasks in a simpler way. The creativity of the human
brain led to the invention of different machines.
These machines made the human life easy by
enabling people to meet various life needs,
including travelling, industries, and computing. And
Machine learning is the one among them. According
to Arthur Samuel in Moradi-sepahvandet al. (2021),
Machine learning is defined as the field of study that
gives computers the ability to learn without being
explicitly programmed. Arthur Samuel was famous
for his checkers playing program. Machine learning
(ML) is used to teach machines how to handle the
data more efficiently. Sometimes after viewing the
data, we cannot interpret the extract information
from the data. In that case, we apply machine
learning. With the abundance of datasets available,
the demand for machine learning is in rise. Many
industries apply machine learning to extract relevant
data. The purpose of machine learning is to learn
from the data. Many studies have been done on how
to make machines learn by themselves without
being explicitly programmed. Many mathematicians
and programmers apply several approaches to find
the solution of this problem which are having huge
data sets (Mouseiet al., 2024).

II. MATREIALS AND METHODS
Machine Learning (ML) Modeling
Two deep learning architectures were
selected.
Convolutional Neural Network (CNN)
The CNN was selected for its ability to:
e Extract spatial features from voltage
signals.
e Identify abnormal voltage patterns.
e  Suppress noise in the signals.

Recurrent Neural Network (RNN)
The RNN was selected for its ability to:
e Model time-dependent voltage variations.
e  Capture system dynamics.
e  Predict voltage behavior over time.

Data Preparation
The dataset consisted of:
e Input: Disturbed voltage signals.
e  Target: Stable reference voltage signals.
The data was normalized to improve
training efficiency and prevent saturation of
activation functions.

Mathematical Modeling of CNN

The CNN performs convolution operations
on the input voltage signal.
For an input signal x(t) , the convolution according
to Khosravi et al. (2025) output is given in Equation
3.1:

y® = ) x(t ~K) w9
+ b Equation 3.1
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Where w(k) convolution kernel weights, b is the
bias term, the activation output is y(t)

Where x(t — k) is a nonlinear activation function
such as ReLU

Mathematical Modeling of RNN

The hidden state of the RNN at time step as
y(t) and the output according to Khosravi et al.
(2025) is shown in Equation 3.2:

y(t) =Wy h(t) + by

Equation 3.2
The RNN learns the temporal evolution of the
voltage signals.

Performance Metric

The coefficient of determination was used
according to Khosravi et al. (2025) is shown in
Equation 3.3:
RZ
=1

2
Z(Yactual - Ypredicted)

2
Z(Yactual - Y)

where, a value close to 1 indicates better model
performance.

Ethical Issues

This research focuses on the modeling and
improvement of voltage stability in a 132 kV
transmission system using machine learning
techniques. Although the study is largely
simulation-based, several ethical considerations
were observed to ensure the credibility and
responsible application of the results.

First, data integrity was maintained
throughout the research. All transmission line
parameters and system data used in the simulations
were obtained from reliable operational sources. No
form of data fabrication, falsification, or
manipulation was carried out, and the results were
presented exactly as obtained from the simulation
environment.

Second, intellectual property rights were
respected. All theories, algorithms, software tools,
and technical concepts used in the study were
properly  acknowledged through appropriate
citations. This was done to avoid plagiarism and to
give due credit to original authors and developers.

Third, the research considered the
responsible use of machine learning in power
systems. The proposed models were developed and
tested strictly within a simulation environment. This
approach prevents the premature deployment of

unverified models in real power networks, which
could pose risks to system stability and operational
safety.

In addition, software usage ethics were

observed. All software tools employed, including
MATLAB, PSAT, and Microsoft Excel, were used
in accordance with their licensing terms.
Finally, the study maintained academic honesty and
transparency. The methodology, assumptions,
limitations, and results were clearly reported to
ensure reproducibility and to support further
research.

Overall, the research adhered to ethical
standards relating to data authenticity, intellectual
property, responsible technological application, and
academic integrity.

III. Result
The outcome of the steady state voltage of the
power system for with and without machine learning
was shown in Figure 3.

Equi
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Figure 3: Bar chart of the of the voltage profile
for with and without machine learning
Source: The researcher (2025)

The voltage profile at steady state of the
buses of the transmission system was shown in
Figure 3 and it was observed that there was voltage
abnormality in the power system which was
improved with the introduction of the machine
learning (ML) model. This outcome suggests that
the implementation of machine learning in the
power system network was effective in improving
the voltage profile of the power system network at
steady state.

The active power flow of the system with
and without machine learning was shown in Figure
4.
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Figure 4: Bar chart of the comparative active
power flow analysis
Source: The researcher (2025)

The impact of machine learning in the
improvement of the active power flow was shown in
Figure 4. It was observed that the active power flow
was reduced which can be largely attributed to the
occurrence of the power flow congestion. The
introduction and implementation of the machine
learning model improved the active power flow of
the power system network.

The comparative analysis of the reactive
power flow for with and without machine learning
for was shown in Figure 5.

3
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N

Reactive power flow (pu)
- o
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0
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Figure 5: Bar chart of the reactive power flow of
the power system network
Source: The researcher (2025)

The impact of machine learning in the
improvement of the reactive power flow was shown
in Figure 5. It was observed that the reactive power

flow was reduced which can be largely attributed to
the occurrence of the power flow congestion. The
introduction and implementation of the machine
learning model improved the reactive power flow of
the power system network.

The active power loss of the system with
and without machine learning was shown in Figure
6.
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Figure 6: Bar chart of the comparative active
power loss analysis
Source: The researcher (2025)

The impact of machine learning on the
mitigation of active power loss of the power system
network was shown in Figure 6. It was observed that
the introduction of the machine learning model
improved the active power loss that was high due to
power flow congestion. The outcome showed that
active power loss can be improved with the
introduction of steady state analysis.

The reactive power loss of the system with
and without machine learning was shown in Figure
7.

Reactive power loss (pu)
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Figure 7: Bar chart of the comparative reactive
power loss analysis
Source: The researcher (2025)
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The impact of machine learning on the
mitigation of reactive power loss of the power
system network was shown in Figure 7. It was
observed that the introduction of the machine
learning model improved the reactive power loss
that was high due to power flow congestion. The
outcome showed that reactive power loss can be
improved with the introduction of steady state
analysis.

The voltage dynamics of bus 1without ML
was shown in Figure 8.

Bus 1

300

250 [ || [

Voltage(V)
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o
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T
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Figure 8: Voltage dynamics for bus 1.
Source: The researcher (2025).

The voltage dynamics of the bus 1 of the
power system network was shown in Figure 8 for
the period the system was monitored (18secs), its
system was highly sinusoidal with large occurrence
of overshoot at an unseen saturated point. Except if
the excitations are dampened, it might impact the
station negatively.

The voltage dynamics of bus 1 with ML
was shown in Figure 9.

bus 1

250

200 I

Voltage(V

50 |

0 2‘ 1‘1 f; é; 1‘0 1‘2 1‘4 1‘6 18
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Figure 9: Voltage dynamics for bus 1
Source: The researcher (2025)

The impact of the introduction of the
machine learning model was shown in Figure 9. It
was observed that the introduction of the machine
learning model reduced the sinusoidal occurrence in
the system, drastically dampened the oscillation and
reached a saturation point within 14 seconds. This
simply suggests that introduction of machine
learning is effective in maintaining the system
operations even with the occurrence of voltage
disturbance.

The comparative analysis of voltage
dynamics of the power system network with and
without ML for bus 1 was shown in Figure 10.

300

Without ML
With ML
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200 [
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g

100 [

50

ol . ‘
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Figure 10: Comparative analysis for bus 1

Source: The researcher (2025)

The comparative analysis of the voltage
dynamics during the occurrence of disturbance for
with and without machine learning impact was
shown in Figure 10. From the outcome of the
analysis, it was seen that the introduction of the
machine learning model reduced the overshoot and
undershoot of the system, had a quicker saturation
time and dampened those oscillations of the power
system network allowing the voltage of bus 1 to
have a better performance than the system without
machine learning.

The voltage dynamics of bus 2 without ML

was shown in Figure 11.
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Figure 11: Voltage dynamics for bus 2

Source: The researcher (2025).

The voltage dynamics of the bus 2 of the
power system network was shown in Figure 11. For
the period the system was monitored (18secs), its
system was highly sinusoidal with large occurrence
of overshoot at an unseen saturated point but time
extension has resulted to the system saturation
which would have taken a longer period. Except if
the excitations are dampened at shorter time, it
might impact the station negatively.

The voltage dynamics of bus 2 with ML
was shown in Figure 12.
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Figure 12: Voltage dynamics for bus 2
Source: The researcher (2025)

The impact of the introduction of the
machine learning model dynamic voltage of bus 2
was shown in Figure 12. It was observed that the
introduction of the machine learning model reduced
the sinusoidal occurrence in the system, drastically
dampened the oscillation and reached a saturation
point within 14 seconds. This simply suggests that

introduction of machine learning is effective in
maintaining the system operations even with the
occurrence of voltage disturbance.

The comparative analysis of voltage
dynamics of the power system network with and
without ML for bus 2 was shown in Figure 13.
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Figure 13: Comparative analysis for bus 2
Source: The researcher (2025)

The comparative analysis of the voltage
dynamics during the occurrence of disturbance for
with and without machine learning impact was
shown in Figure 13. From the outcome of the
analysis, it was seen that the introduction of the
machine learning model reduced the overshoot and
undershoot of the system, had a quicker saturation
time and dampened those oscillations of the power
system network allowing the voltage of bus 2 to
have a better performance than the system without
machine learning.

IV. DISCUSSION

The research involves the improvement of
Nigerian 132kv transmission line connecting Aba
TS and Itu TS, the line diagram of the system was
obtained and implemented in PSAT model to
generate steady and dynamic parameters that were
utilized to generate a machine learning (RNN)
model that was implemented to improve the power
system network. Plots and charts were obtained and
presented.

In Figure 3, it was seen that the
introduction of the machine learning model
improved the steady state voltage profile of the
system. The same was observed from the active
power flow in Figure 4, reactive power flow in
Figure 5, the active power loss in Figure 6, and
reactive power loss in Figure 7. Hence, the
introduction of the machine learning model ensured
that the power flow congestion was reduced to allow
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flow of voltage, power flows and improvement in
voltage abnormality. The percentage improvements
achieved with the implementation of the machine
learning model was shown in Table 1.

Table 1. Power flow improvements achieved

S/NO. | POWER FLOW VALUES
PARAMETERS (%)

1 Voltage profile 28

2 Active power flow 31.2

3 Reactive power flow 334

4 Active power loss 27.2

5 Reactive power loss 29.43

Source: The researcher (2025).

According to Alimi et al. (2020), a control
mechanism that utilizes power control mechanism
that achieve an improved parameters of 15 % can be
taken as being sustainable in improving and
maintaining the power quality of the power system.
Hence, the implementation of machine learning
model has been proven to be effective in improving
steady power flow system. The improvement
achieved for the voltage dynamics with the machine
learning model was shown in Table 2 and Table 3
for bus 1 and bus 2 respectively.

Table 2. Improvement of voltage dynamics for

bus 1
S/NO. | Parameters Values
1 Overshoot 21%
2 Undershoot 17%
3 Saturation time 14 sec

Source: The researcher (2025).

Table 3. Improvement of voltage dynamics for

bus 2
S/NO. | Parameters values
1 Overshoot 22.4 %
2 Undershoot 19.22 %
3 Saturation time 9.87 sec

Source: The researcher (2025).

Monitoring the voltage signals without
machine learning had no saturation point in sight
throughout the 18 seconds the graphs were
generated for bus 1 (Figure 8) and also for bus 2
(Figure 11). Hence the introduction of machine
learning model improved the saturation point and
minimized the overshoot and undershoots of the
voltage dynamics of the power system network.

V. CONCLUSION
The major essence of the research was to
improve the voltage stability of the Nigerian power

system of 132 kV transmission system connecting
Aba TS and Itu TS with the line data and bus
information obtained. The data obtained was
modeled in PSAT which was a tool in MATLAB,
with power flow analysis performed with the
outcome utilized for the configuration of the
machine learning model that was implemented and
utilized for the voltage stability improvement. The
research encompassed voltage improvement both in
steady state and the dynamics. The outcome
obtained showed that there was a significant
improvement of the voltage (both steady and
dynamic states), power flows and power losses. The
dynamic nature of the systems was improved and
further stabilized. The time taken to achieve the
voltage saturation was 9.87secs which can be
described as fast and swift. The undershoot and
overshoot reduction achieved were 22.4 % and
19.22 % respectively. This implied that the machine
learning model utilized was quite effective. The
introduction of the machine learning model further
dampened the harmonics of the voltage signal to
improve the power system quality of the power
system modeled.

VI. ENGINEERING IMPLICATION OF
FINDINGS

The sudden voltage drops and then voltage
collapse has been a major issue in the Nigerian
power system network. This has resulted in most
cases to the grid failure. Hence, the research utilized
machine learning model which was configured with
the power flow analysis outcome of the power
system network. From the outcome of the research,
it was seen that the implementation of the machine
learning model adequately improved the voltage
stability of the power system network (both in
steady state and unsteady state voltage). Hence, the
utilization of the machine learning in the power
system network promises to improve the power
system networks and would further reduce the

impact of disturbance in the power system network.

VII. CONTRIBUTION TO
KNOWLEDGE
The contribution to knowledge of the
research was the utilization of machine learning
model for the improvement of voltage stability in
the Nigerian 132kV power system network.

VIII. RECOMMENDATION

The importance of the utilization of
electricity cannot be over emphasized and hence all
necessary  control  mechanisms  should be
implemented to ensure the improvement of the
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power quality and constant electricity usage. The
research utilized machine learning model for the
voltage stability improvement of the 132kV power
system network of the transmission line connecting
Itu TS and Aba TS. The outcome showed the
improvement of the voltage stability of the power
system network both in steady state and dynamic
system. Hence, it is recommended that machine

learning model

should be utilized in the

improvement of voltage stability.
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