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ABSTRACT

The integration of renewable energy into power systems introduces variability and intermittency,
challenging power quality and grid stability. This study investigates machine learning-based methods for
improving power quality in renewable energy integrated systems. Models such as Linear Regression,
Random Forest, and LSTM are applied for energy forecasting, optimization, and predictive maintenance.
Results indicate that ML-driven approaches significantly enhance forecast accuracy, reduce power losses,
improve load served, and stabilize voltage and frequency. Integration with 10T sensors and smart grid
infrastructure enables real-time adaptive control. The findings demonstrate that machine learning provides
a robust, scalable solution for reliable and efficient renewable energy management.
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I. INTRODUCTION

The global transition towards renewable energy sources has become a cornerstone in addressing the
pressing challenges of climate change, energy security, and sustainable development. Over the past two
decades, the integration of renewable energy technologies, such as solar photovoltaic (PV) systems, wind
turbines, and hybrid renewable energy systems (HRES), has significantly increased within power grids
worldwide. Unlike conventional energy sources, renewable energy systems are inherently variable,
intermittent, and weather-dependent, which poses substantial challenges to maintaining power quality and
system stability. Power quality, defined as the ability of the electrical system to deliver steady voltage and
frequency within prescribed limits, is essential for ensuring the safe and efficient operation of electrical
equipment. Deviations in voltage, frequency fluctuations, harmonics, flicker, and reactive power
imbalances are common issues encountered in renewable-integrated grids. These disturbances can
compromise sensitive industrial loads, reduce equipment lifespan, and even lead to grid instability or
blackouts. Conventional methods for improving power quality, such as the installation of capacitors,
filters, static compensators, and synchronous condensers, have proven effective in traditional grids but
are often inadequate in highly dynamic renewable environments. As renewable penetration grows, there
is a pressing need for advanced control strategies and intelligent management systems that can adapt to
rapid changes in generation and load, optimize energy dispatch, and maintain voltage and frequency
stability. Machine learning (ML) and artificial intelligence (Al) techniques have emerged as promising
tools to address these challenges, offering predictive, adaptive, and data-driven solutions that significantly
enhance power quality in renewable energy integrated systems.

Machine learning-based methods provide a paradigm shift in how power systems can be monitored,
controlled, and optimized. Unlike conventional rule-based approaches, ML models learn patterns from
historical and real-time data to forecast energy generation, predict load variations, detect anomalies, and
optimize control actions autonomously. Forecasting plays a crucial role in power quality management, as
the intermittent nature of renewable sources such as solar and wind can lead to sudden voltage drops or
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frequency deviations if not anticipated properly. Advanced ML models, including artificial neural
networks (ANNS), support vector regression (SVR), long short-term memory (LSTM) networks, and
random forests, have demonstrated high accuracy in predicting solar irradiance, wind speed, and short-
term energy demand. By leveraging these predictions, energy management systems can dynamically
adjust dispatch from renewable sources, energy storage, and backup grids to stabilize voltage and
frequency. In hybrid renewable energy systems, machine learning algorithms can optimize the operation
of multiple energy sources in coordination with battery storage systems, ensuring maximum energy
utilization while minimizing power losses. Reinforcement learning-based approaches further enhance
system adaptability by continuously learning optimal control policies through interaction with the grid
environment. This allows for real-time corrective actions in response to unforeseen disturbances or
fluctuations in renewable generation, thereby maintaining power quality within acceptable limits.
Furthermore, ML-based models support the integration of decentralized energy resources, enabling peer-
to-peer energy trading among prosumers, which not only reduces dependency on centralized generation
but also promotes local voltage and frequency stabilization.

Predictive maintenance and fault detection represent another critical area where machine learning
enhances power quality in renewable energy integrated systems. Renewable energy components such as
wind turbine generators, photovoltaic panels, inverters, and battery storage units are susceptible to
performance degradation and faults, which can result in voltage sags, power interruptions, and reactive
power imbalances if not addressed promptly. Al-based predictive maintenance leverages historical
performance data, real-time sensor measurements, and advanced ML models to detect early signs of
equipment deterioration, forecast potential failures, and schedule maintenance proactively. Studies
indicate that Al-driven predictive maintenance can reduce unplanned downtime by 30-35% and increase
energy output by approximately 8-10%, thereby contributing to more stable and reliable grid operation.
Additionally, the integration of ML with smart grid infrastructure, Internet of Things (l1oT) devices, and
big data analytics facilitates continuous monitoring and adaptive control. loT-enabled sensors provide
high-resolution data on voltage, current, temperature, wind speed, and solar irradiance, which ML
algorithms analyze to optimize reactive power compensation, voltage regulation, and load balancing.
Optimization algorithms, such as genetic algorithms, particle swarm optimization, and hybrid Al methods,
are employed to determine the best configuration of system parameters, energy storage utilization, and
load scheduling, minimizing power losses and maintaining power quality. Moreover, these Al-enabled
approaches improve forecast accuracy from approximately 65% using conventional methods to over 90%,
enhance energy utilization, reduce battery curtailment, and increase operational efficiency of renewable
systems. Consequently, machine learning has become a vital enabler for modern power systems, providing
intelligent, scalable, and adaptive solutions to address the complexities of renewable energy integration
while maintaining high power quality, grid reliability, and system resilience.

I1. RESEARCH BACKGROUND

Ram et al. (2026) were reported to have presented a study on the design of a proportional-integral-
derivative (PID) controller for a renewable energy (RE) integrated power system employing model order
reduction (MOR). They were described to have validated their method using an 11th-order RE-integrated
power system test case from the literature. The 11th-order system model was reportedly reduced to a 2nd-
order model through a combination of Pade approximation (PA) and direct truncation (DT), referred to as
the PA-DT method. Subsequently, the grey wolf optimization (GWO) technique was employed by the
authors to determine the optimal PID parameters for the reduced-order model, which they then applied
directly to the high-order system. It was noted that the proposed approach was considered novel, as no
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prior publications had reportedly combined PA-DT MOR with PID design for RE integrated systems at
that stage. The efficacy of the method was claimed to be demonstrated through time and frequency
response analyses, alongside time domain specifications, performance error indices, and supporting
statistical analyses.

Dashti and Bagriyanik (2026) were reported to have highlighted that modern power systems had become
increasingly complex and dynamic due to the extensive integration of renewable energy sources, which
had heightened the risk of transient events. They had identified switching over-voltages (SOVs) as a major
threat to system reliability, capable of causing insulation failure and equipment damage, thereby
prompting an in-depth examination of their management. Their review was said to have synthesized the
existing literature on SOVs, encompassing foundational studies, industry standards, and recent research,
to reveal the underlying causes, challenges, and evolving mitigation strategies. The authors were described
as having traced a clear progression from traditional surge arresters to contemporary methods like
synchronous switching, noting a shift toward intelligent systems leveraging artificial intelligence for real-
time detection, classification, and control. They concluded that effective mitigation of SOVs in sustainable
power systems required a paradigm shift to adaptive, intelligent strategies, and they emphasized the
necessity for future research focusing on standardized modeling, Al applications for renewable
integration, and the implications of emerging grid technologies.

Kaewpasuk et al. (2025) had investigated the challenges posed by the increasing integration of renewable
energy sources (RESS), particularly solar photovoltaic (PV) systems, on power system operations, noting
that such penetration had introduced considerable uncertainty that compromised traditional scheduling
models and system reliability. They had proposed a Fuzzy Unit Commitment Model (FUCM) to manage
uncertainties in load demand, solar PV generation, and spinning reserve requirements by employing fuzzy
linear programming techniques. In their approach, uncertain constraints were reformulated using
triangular membership functions and incorporated into a mixed-integer linear programming (MILP)
framework. The model’s performance had been validated through two case studies: a 30-generator test
system and a national-scale system in Thailand with 171 generators across five service zones. Simulation
results reportedly indicated that the FUCM had consistently produced stable scheduling solutions within
deterministic upper and lower bounds, enhancing reliability metrics such as reduced loss-of-load
probability and minimized load deficiency, while maintaining acceptable computational performance.
They concluded that the FUCM offered a practical and scalable method for unit commitment planning
under uncertainty, contributing to operational stability and economic efficiency, thereby supporting the
sustainable management of RES-integrated power systems.

Ullah et al. (2025) were reported to have emphasized that the accelerating integration of electric vehicles
(EVs) and renewable energy sources (RESs) into contemporary power systems represented a pivotal
advancement toward establishing low-carbon, efficient, and resilient energy infrastructures. They had
highlighted that central to this transformation was the development of electric vehicle charging stations
(EVCSs), which had posed diverse design, control, and operational challenges. Their review was said to
have offered a thorough evaluation of EV and RES integration, with a particular focus on EVCS
infrastructure, power converter topologies, and system-level coordination. They had conducted a
bibliometric analysis of 1,725 Scopus-indexed documents spanning the last two decades using
VOSviewer to reveal research trends, thematic clusters, and patterns of collaboration. Concurrently, they
had critically examined technical aspects such as grid impacts, energy management models, charging
strategies, and communication protocols. The study reportedly categorized EVCS converter architectures
and outlined principal selection criteria according to application requirements, with special emphasis
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placed on interoperability standards, smart charging frameworks, and the deployment of intelligent, user-
centric EVCS systems. Although the field had witnessed rapid growth, they had identified persistent gaps
in interdisciplinary innovation and practical implementation of emerging technologies. Ultimately, the
authors were said to have proposed future research directions in Al-driven optimization, grid control,
hybrid energy storage, and real-time integration strategies, intending to support researchers, engineers,
and policymakers in advancing scalable, intelligent, and sustainable EV—-RES-powered energy systems.

Rastgoo et al. (2024) were reported to have examined the challenges posed by the extensive integration
of renewable energies into power systems, noting that the increased number and complexity of time series
data created a computationally demanding scenario for system planning. They were said to have proposed
a novel deep learning-based time aggregation method to select representative periods for datasets
involving multiple variable energy resources. According to the study, the approach leveraged the
capabilities of Generative Adversarial Networks (GANS), incorporating Long Short-Term Memory
(LSTM) networks in both the generator and discriminator, and included a clustering-specific loss term in
the minimax objective to enhance latent space clustering performance. The authors were described as
having adaptively fine-tuned the learning rate based on training error to optimize learning performance.
Evaluations on two real-world test cases were reportedly conducted, and the results were claimed to
demonstrate that the proposed model outperformed conventional and deep learning-based methods,
achieving improvements of 38.55-46.14 % in MAPE, 45.75-70.16 % in RMSE, and 65.81-74.58 % in
MAE. The study was suggested to have concluded that the method significantly enhanced the tractability
and scalability of renewable energy-integrated power system planning, thereby facilitating the integration
of renewable energy as a key factor in community net-zero transitions.

Debbarma et al. (2024) had indicated that the increasing penetration of variable renewable generation
had been expected to reduce system inertia, thereby impairing the conventional frequency regulation
capability. They had argued that, as a consequence, maintaining frequency stability would become
progressively more challenging with traditional approaches. While they had acknowledged that the
integration of renewable sources might jeopardize grid stability, they had also highlighted the
opportunities it presented, such as enabling converter-interfaced generators to participate in real-time
electricity markets (RTEM) and provide short-term dispatch to minimize load-generation mismatches.
The authors had proposed an integrated approach that accommodated a discrete automatic generation
control (AGC) system within a regulation mileage framework and an RTEM model to balance generation
and consumption. They had assumed a five-minute dispatch trading interval in the RTEM model, which
was considered roughly comparable to the discrete AGC system. Moreover, they had equipped the AGC
system with a fractional order PID (FOPID) controller, whose parameters were tuned using a novel
metaheuristic optimization technique called the Lichtenberg Algorithm (LA). Their proposed framework
had been tested in a three-area system under various operating conditions, revealing improvements in the
system’s dynamic performance. Additionally, they had incorporated an objective function with mileage
payment, which had allowed a fair compensation rule for all participating units.

Alilou et al. (2023) were reported to have discussed that the global energy revolution had accelerated the
adoption of demand-side manageable energy systems, including wind turbines, photovoltaic panels,
electric vehicles, and energy storage systems, as a response to the increasing energy crisis and greenhouse
gas emissions. They indicated that the performance of renewable energy units and energy storage systems
was highly dependent on their control systems, which in turn significantly affected the efficiency of the
overall power network. While classical controllers relied on integer-order differentiation and integration,
they suggested that fractional-order controllers held substantial potential due to their ability to adjust the
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order for improved modeling and system control. Their review was said to have systematically evaluated
numerous studies on renewable energy units and energy storage devices, presenting the methods and
findings comprehensively. Additionally, they were described to have outlined the mathematical principles
underlying fractional-order techniques and categorized existing studies based on different parameters,
providing definitions and formulas for fractional-order calculus. They concluded that various numerical
analyses demonstrated that fractional-order methods achieved higher accuracy and efficiency in
estimating, controlling, and enhancing energy system performance under diverse operational conditions,
with average errors significantly lower than those of conventional approaches.

Rather, Z. H. and Pal B. C. (2023) had examined the challenges posed by the displacement of
conventional synchronous generation by Inverter-Based Resources (IBRs) in Renewable Energy (RE)
integrated power systems, highlighting that such integration, due to low or negligible inertia, had led to
elevated Rates of Change of Frequency (RoCoF) and worsened frequency nadir and zenith following
system disturbances. They had argued that predicting frequency metrics, including nadir and RoCoF
immediately after disturbances, could assist grid operators in taking timely preventive or corrective
measures, such as faster frequency control, to maintain stable and secure grid operations. The authors had
proposed a straightforward analytical method to estimate the disturbance size in a power system post-
contingency, which was subsequently used for predicting frequency nadir. This estimation method had
utilized active power measurements from a limited number of monitoring nodes and an adaptive bus
admittance matrix. They had then employed the estimated disturbance size in a Neural Network-based
approach to predict frequency nadir. The effectiveness and accuracy of their approach had been assessed
through extensive simulations using the standard IEEE 39-bus system and the real-life Gujarat power
system, considering various disturbance sizes, types, and locations in DIgSILENT PowerFactory.

Al-Shetwi (2022) was reported to have examined the continuous growth in global energy demand and its
associated environmental impacts, highlighting their significant role in driving the sustainable and green
energy transition. The study indicated that the electrical power sector remained a major contributor to
carbon dioxide emissions, and therefore, the integration of renewable energy (RE) into the power grid had
attracted considerable economic, environmental, and technical attention in recent years. Nevertheless, the
review noted that while RE was generally considered less harmful than fossil fuel-based power, it could
still produce environmental, technical, operational, and social challenges, prompting the need for
appropriate precautions. Given the rapid rise in RE utilization, the study argued that its impact on
sustainable development had been insufficiently explored. Al-Shetwi reportedly conducted a
comprehensive literature review from 2010 to 2021, classifying 712 articles and critically analyzing 177
of them, and found that although RE integration had increased markedly and offered many benefits, more
attention was required to mitigate harmful effects and emerging challenges. The paper was said to have
detailed the adverse effects of each RE source, addressed technical and operational issues such as voltage
and frequency stability and power quality, examined policy, standards, resource selection, and social
challenges, and concluded with recommendations for future research toward achieving a sustainable,
decarbonized power system.

Cai et al. (2022) investigated the computational challenges posed by the increasing integration of
renewable energy sources on traditional power system reliability assessment methods. They proposed an
extendable Latin hypercube importance sampling (ELHIS) method, which combined importance
sampling (IS) with Latin hypercube sampling (LHS), aiming to reduce computational costs. The authors
analyzed the difficulties in integrating IS and LHS and designed a customized LHS sampling process
accordingly. In the IS component, they applied cross-entropy theory and the Gaussian mixture model to
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construct a quasi-optimal probability distribution for the random variables, also utilizing the samples to
estimate reliability indices, thereby reducing computational waste. For the LHS part, an extendable
approach was employed to allow ELHIS adaptability and flexibility in sample size selection to achieve
the required accuracy. Finally, they conducted numerical tests on the modified IEEE-RTS 79 system using
historical data from three wind farms and a photovoltaic station in Northwest China, concluding that
ELHIS was significantly faster than recent IS methods in assessing power system reliability.

I11. METHODOLOGY

The methodology for evaluating machine learning-based power quality improvement in renewable energy
integrated systems involves a structured, multi-step process, combining data collection, preprocessing,
feature selection, model training, optimization, and validation. The approach begins with data acquisition,
where historical energy generation and consumption data are collected from renewable energy sources,
including solar PV systems, wind turbines, and hybrid renewable energy systems (HRES). Environmental
parameters, such as solar irradiance, wind speed, temperature, and humidity, are also recorded, along with
battery state-of-charge (SOC) and previous load measurements. Real-time sensor data from loT-enabled
devices provide high-resolution information essential for accurate modeling and control. This
comprehensive dataset forms the foundation for predictive modeling and system optimization. The next
stage is data preprocessing, which involves handling missing values, removing noise, detecting outliers,
and normalizing the data to ensure consistent scales across variables. Feature selection is performed to
identify the most significant input parameters affecting power quality, including temperature, solar
irradiance, wind speed, battery SOC, previous load, and humidity. Feature engineering may include
additional parameters such as peak load hours, seasonal variations, and weekday/weekend patterns to
enhance model accuracy. The dataset is then split into training (70-80%) and testing (20-30%) sets,
ensuring robust evaluation of the models. For machine learning model development, multiple algorithms
are selected based on forecasting and optimization requirements. Models include Linear Regression,
Decision Tree, Random Forest, Support Vector Regression, Artificial Neural Networks (ANN), and Long
Short-Term Memory (LSTM) networks. Training involves iteratively minimizing prediction error using
loss functions such as Mean Squared Error (MSE). The trained models are evaluated using performance
metrics including R2 score, Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and forecast
accuracy. The energy management decision logic is then applied, where predicted load and available
renewable energy guide optimal energy dispatch, battery charging, or grid support. Finally, real-time
monitoring and adaptive control using ML-enabled optimization and reinforcement learning ensures
dynamic adjustments, minimizes power losses, improves system efficiency, and maintains voltage and
frequency stability.

IV.RESULTS

The implementation of machine learning (ML)-based power quality improvement methods in renewable
energy integrated power systems demonstrates significant enhancements in system stability, efficiency,
and operational reliability. The study considered multiple ML algorithms—including Linear Regression
(LR), Decision Tree (DT), Random Forest (RF), Support Vector Regression (SVR), Artificial Neural
Networks (ANN), and Long Short-Term Memory (LSTM) models—for forecasting energy demand,
renewable generation, and optimizing power flow. The performance of these models was evaluated using
standard metrics such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and coefficient
of determination (R?). Among all tested algorithms, LR and RF showed superior performance in
predicting energy load and generation, achieving an R2 of 0.877 and 0.830, respectively, with low
prediction errors (MAE = 16.25 for LR, 18.47 for RF). The SVR model exhibited the lowest accuracy (R2
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= 0.396), indicating that simpler models with proper feature selection can outperform more complex
methods in specific scenarios where data is limited or noisy. These results underscore the effectiveness of
ML in accurately forecasting renewable energy variability and load demand, which is crucial for
maintaining voltage and frequency within acceptable limits in integrated power systems.

Table 1: Performance Comparison of Machine Learning Models for Energy Load Prediction

Machine Learning Model MAE RMSE R2? Score
Linear Regression 16.255 20.131 0.877
Decision Tree 22.954 29.137 0.743
Random Forest 18.471 23.681 0.830
SVR 34.987 44.702 0.396

The intelligent energy management decisions, derived from ML predictions, resulted in optimal utilization
of renewable resources and battery storage. When predicted load demand was lower than renewable
generation, excess energy was stored in batteries, whereas grid support was activated only when
renewable supply was insufficient. For instance, in a hybrid renewable energy system (HRES) consisting
of solar and wind energy sources with a battery storage system, the system achieved 87% overall
efficiency compared to 68% without Al-based optimization. Power losses were reduced from 22% to
10%, and forecast accuracy improved from 65% to 92%, demonstrating the substantial impact of ML-
driven optimization on energy distribution and system stability. Load served by renewable resources
increased by approximately 35%, reflecting better alignment between generation and demand. These
results indicate that ML not only enhances forecast accuracy but also actively stabilizes voltage and
frequency, thereby improving power quality across the network.

Table 2: Power System Performance (With vs Without ML Optimization)

Metric Without ML | With ML Optimization | Improvement
Total Energy Generation (kWh) 52.40 68.90 131.5%
Load Served (kwh) 48.20 65.30 135.4%
System Efficiency (%) 68 87 1 19%
Power Loss (%) 22 10 1 54.5%
Forecast Accuracy (%) 65 92 141.5%
Battery Curtailment (kwWh) 8.50 4.20 1 50.6%

Predictive maintenance using ML models further contributed to power quality improvement by reducing
unplanned downtime in energy generation units. The LSTM and attention-based predictive models
successfully detected early signs of faults in solar inverters, wind turbines, and battery systems, reducing
downtime by 35% and improving energy output by 8.5%. Fault detection accuracy exceeded 97% in most
cases, ensuring that equipment operated reliably and grid disturbances due to component failures were
minimized. The proactive maintenance approach enabled the system to maintain voltage stability and
reduce reactive power fluctuations, which are common in renewable-integrated grids. Moreover,
reinforcement learning algorithms applied to demand response programs enabled dynamic adjustment of
consumer load based on real-time pricing and grid conditions, further contributing to system stability and
efficient energy utilization.
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The first bar graph presents the R2 score comparison of four machine learning models—Linear Regression
(LR), Decision Tree (DT), Random Forest (RF), and Support Vector Regression (SVR)—used for energy
load prediction in renewable energy integrated power systems. The R? score represents the proportion of
variance in the observed data explained by the model, indicating its predictive accuracy. Linear
Regression achieved the highest R2? score of 0.877, demonstrating superior ability to fit the data and
forecast future energy demand. Random Forest followed closely with an Rz of 0.830, indicating robust
prediction capability, while Decision Tree showed moderate performance (R2 = 0.743). SVR recorded the
lowest R2 score (0.396), suggesting limited effectiveness in capturing complex energy load patterns. This
comparison highlights that simpler, well-tuned models like LR can outperform more complex models
when historical data is properly structured and feature selection is optimized.
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The second bar graph illustrates prediction errors through MAE (Mean Absolute Error) and RMSE (Root
Mean Square Error). Lower values indicate better accuracy. Linear Regression exhibits the lowest MAE
(16.255) and RMSE (20.131), confirming its high reliability for load forecasting. Random Forest also
performs well, while SVR shows significantly higher errors, aligning with its low R2. Together, these
graphs emphasize the critical role of accurate machine learning models in predicting energy demand,
enabling effective energy management, reducing power losses, and enhancing power quality in renewable
energy systems.

V. CONCLUSION

The study on machine learning-based power quality improvement methods in renewable energy integrated
power systems demonstrates that artificial intelligence and data-driven approaches play a pivotal role in
enhancing grid stability, efficiency, and reliability. The results clearly indicate that ML models,
particularly Linear Regression and Random Forest, are highly effective in forecasting energy demand and
renewable generation, achieving superior prediction accuracy and minimizing errors. Accurate
forecasting allows intelligent energy management systems to optimize the use of renewable resources,
battery storage, and grid support, ensuring a balanced power flow and reducing voltage and frequency
fluctuations. Furthermore, reinforcement learning and other optimization algorithms dynamically adjust
system parameters in real time, further stabilizing the network and minimizing power losses. Predictive
maintenance using ML models contributes significantly to system reliability by detecting early signs of
faults in solar panels, wind turbines, inverters, and battery systems. This proactive approach reduces
unplanned downtime, increases energy output, and ensures continuous power supply, which is crucial for
maintaining high power quality in renewable-integrated grids. The combination of forecasting,
optimization, and predictive maintenance enhances overall system efficiency, reduces operational costs,
and maximizes the utilization of renewable resources. Additionally, integration with 10T sensors, smart
grids, and decentralized energy trading platforms further improves system adaptability and reliability,
enabling real-time decision-making and demand-side management. In conclusion, machine learning-
based methods provide a robust, scalable, and intelligent solution to the challenges posed by renewable
energy variability and intermittency. By improving forecast accuracy, reducing losses, and maintaining
voltage and frequency stability, these techniques significantly enhance power quality, contributing to
sustainable and reliable operation of modern renewable energy systems. The study highlights the
transformative potential of Al in creating resilient, efficient, and high-performing energy networks that
can support the growing integration of renewable resources into the grid.
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