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Abstract- The growing demand for efficient, reliable, 

and sustainable energy solutions has led to the 

increasing integration of machine learning (ML) in 

power systems. This study explores the impact of ML 

on power system management, focusing on three key 

areas: predictive analytics and forecasting, 

optimization and control, and fault detection and 

predictive maintenance. Using Eko Electricity 

Distribution Company as a case study, the research 

aims to determine the relationship between ML-

driven approaches and improved energy 

management efficiency, optimization of grid 

operations, and enhanced fault detection 

mechanisms. A cross-sectional survey methodology 

was employed, with data collected from 217 selected 

employees of the company through self-administered 

questionnaires. The study utilized Spearman’s Rank 

Order Correlation to analyze the relationships 

between ML-driven predictive analytics, 

optimization, and fault detection with power system 

management. The results revealed significant 

positive correlations, with predictive analytics 

improving energy demand forecasting, optimization 

techniques enhancing power distribution efficiency, 

and fault detection systems reducing operational 

risks by enabling proactive maintenance. The 

findings emphasize that ML plays a transformative 

role in modern energy systems by enabling real-time 

data analysis, reducing transmission losses, and 

improving grid stability. However, challenges such 

as data privacy concerns, computational costs, and 

regulatory barriers hinder widespread adoption. The 

study concludes that addressing these challenges 

through interdisciplinary collaboration and the 

development of standardized AI regulations will 

facilitate the effective implementation of ML in 

power systems. Based on these insights, it is 

recommended that energy providers invest in 

advanced ML models for demand forecasting, 

integrate optimization algorithms into smart grid 

operations, and deploy AI-driven fault detection 

systems to enhance grid reliability and resilience. 

 

Indexed Terms- Machine Learning, Power 

Systems, Predictive Analytics, Energy Optimization, 

Fault Detection, Smart Grids, Renewable Energy 

Integration, Grid Stability, Artificial Intelligence and 

Energy Management. 

 

I. INTRODUCTION 

 

Amid escalating global energy needs and the pressing 

necessity for sustainability, the incorporation of 

machine learning (ML) in power systems has surfaced 

as a revolutionary influence (Cheng & Yu, 2019). 

Conventional power management strategies, typically 

dependent on static models and human judgment, find 

it challenging to address the growing complexity of 

contemporary energy systems (Wang, 2025). Machine 

learning is transforming energy management through 
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its capacity to evaluate extensive datasets, identify 

trends, and optimize processes in real time (Alijoyo, 

2024). Machine learning is augmenting the efficiency 

and dependability of power systems through 

predictive maintenance, load forecasting, and 

enhancements in grid stability, hence facilitating a 

more intelligent and robust energy infrastructure 

(Ghelani, 2024). 

Machine learning significantly contributes to power 

systems through optimization and predictive analytics. 

Energy demand is intrinsically variable, shaped by 

elements such as meteorological conditions, economic 

activities, and consumer behaviors (Ghofrani et al., 

2022). Machine learning models, especially deep 

learning and reinforcement learning algorithms, can 

analyze historical and real-time data to predict energy 

use with precision (Adesola et al., 2025). This 

predictive ability allows utilities to manage resources 

more efficiently, minimizing waste and maintaining a 

balanced supply-demand ratio (Ahmad & Chen, 

2020). Furthermore, machine learning-based 

optimization methods enhance smart grid 

deployments, reducing transmission losses and 

enhancing voltage regulation. 

Machine learning is also utilized in the integration of 

renewable energy, an essential component of 

sustainable power systems (Rangel-Martinez et al., 

2021). In contrast to traditional power sources, 

renewable energy—such as solar and wind—is 

sporadic and contingent on weather conditions, 

presenting difficulties for grid stability. Advanced 

machine learning algorithms can forecast variations in 

renewable energy production, facilitating improved 

scheduling of backup power sources and augmenting 

overall grid dependability (Singh et al., 2024). 

Machine learning facilitates accurate forecasting and 

adaptive management tactics, optimizing renewable 

energy utilization, which diminishes reliance on fossil 

fuels and decreases carbon emissions (Ukoba et al., 

2024). 

In addition to efficiency and sustainability, machine 

learning improves the resilience and security of power 

systems. Cybersecurity threats and physical defects in 

the grid can result in catastrophic breakdowns (Alimi 

et al., 2020). Machine learning-based anomaly 

detection systems perpetually oversee grid 

performance, detecting potential problems and cyber 

threats prior to their escalation. Furthermore, AI-

driven self-healing grids can autonomously identify 

and address disruptions, redirecting power and 

reducing outages (Alam et al., 2024). These 

developments enhance a more resilient and flexible 

electricity network capable of enduring interruptions. 

The integration of machine learning and power 

systems has catalyzed advancements in demand 

response and consumer energy management. Smart 

meters and IoT-enabled gadgets produce extensive 

data regarding energy consumption patterns (Ali et al., 

2021). Machine learning algorithms evaluate this data 

to deliver tailored energy conservation suggestions for 

consumers and enhance demand response tactics. This 

enables consumers to make informed energy usage 

decisions while assisting utilities in successfully 

managing peak loads, hence minimizing the necessity 

for further infrastructure investments 

(Michalakopoulos et al., 2024). 

Notwithstanding its significant potential, the use of 

machine learning into power systems presents 

problems. Concerns around data privacy, 

computational expenses, and model interpretability 

must be resolved to facilitate wider implementation 

(Ibrahim et al., 2020). Furthermore, legal frameworks 

and industry standards must adapt to facilitate AI-

driven decision-making in energy management 

(Muniandi et al., 2024). Addressing these obstacles 

necessitates interdisciplinary cooperation among data 

scientists, electrical engineers, policymakers, and 

energy suppliers to create transparent, scalable, and 

secure machine learning solutions designed for power 

systems. 

The evolving energy environment will see the crucial 

interplay between machine learning and power 

systems significantly influence the future of energy 

management (Kaur et al., 2024). Utilizing advanced 

analytics, automation, and intelligent decision-

making, machine learning presents unparalleled 

prospects to improve efficiency, optimize resource 

allocation, and foster sustainability (Chowdhury, 

2024; Kaur et al., 2024). This article examines the 

convergence of machine learning and power systems, 

investigating recent advancements, difficulties, and 

future opportunities in this swiftly evolving domain. 
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The study was guided by the following objectives: 

i. To examine the relationship between 

predictive analytics and forecasting and 

power systems energy management in Eko 

Electricity Distribution Company 

ii. To determine the relationship between 

optimization and control and power systems 

energy management in Eko Electricity 

Distribution Company 

iii. To assess the relationship between fault 

detection and predictive maintenance and 

power systems energy management in Eko 

Electricity Distribution Company 

 

II. LITERATURE REVIEW 

2.1 Theoretical Framework 

Cyber-Physical Systems (CPS) Theory 

The Cyber-Physical Systems (CPS) Theory emerged 

in the early 2000s as an interdisciplinary framework 

that amalgamates computer intelligence, machine 

learning, and physical systems (Amit Bhardwaj, 

2024). The idea, although not formally attributed to 

any one individual, originated from progress in 

embedded systems, control theory, and computer 

science, including notable contributions from 

researchers such as Edward Lee and Rajesh Gupta 

(Kaushik et al., 2022). The CPS theory posits that 

physical infrastructure and digital computing systems 

must integrate smoothly to improve automation, 

efficiency, and decision-making. In power systems, 

CPS facilitates smart grid technologies, predictive 

analytics, and autonomous control, all crucial for 

enhancing energy management (Habib &Chimsom., 

2022). 

Critics contend that CPS encounters problems 

including security vulnerabilities, elevated 

implementation expenses, and system intricacy, 

complicating its integration into current power 

infrastructures (Zhou et al., 2019). Nonetheless, 

despite these apprehensions, CPS continues to be 

significantly pertinent to Machine Learning in Power 

Systems as it offers a robust theoretical framework for 

comprehending the interaction between AI-driven 

computational models and actual energy networks 

(Dutta et al., 2024). The rationale for its application in 

this study is its capacity to elucidate how Machine 

Learning improves power system efficiency, 

optimizes grid operations, and fosters sustainability. 

This study emphasizes the significance of real-time 

data processing, predictive maintenance, and energy 

optimization through the utilization of CPS, enhancing 

the adaptability, resilience, and environmental 

sustainability of power systems. 

2.2 Conceptualization  

Machine Learning  

Machine Learning (ML) is a division of Artificial 

Intelligence (AI) that allows computer systems to 

acquire knowledge from data and enhance 

performance autonomously, without explicit 

programming (Kuhl et al., 2022). Machine learning 

algorithms employ statistical methods, pattern 

recognition, and computer models to examine 

extensive datasets and provide predictions or 

judgments (Frank et al., 2022). The principle of 

machine learning is founded on mathematical 

optimization and data-driven decision-making, 

enabling systems to evolve and enhance progressively 

(Nnenna et al., 2025). Machine learning is extensively 

utilized in sectors including healthcare, banking, 

energy, and autonomous systems, where automation, 

efficiency, and predictive capacities are essential 

(Kuhl et al., 2022). Although machine learning has 

transformed various domains, it continues to 

encounter issues of bias, interpretability, and ethical 

implications. 

An incisive analysis of Machine Learning uncovers its 

advantages and disadvantages. Positively, machine 

learning improves efficiency, automation, and 

prediction accuracy, facilitating data-driven decision-

making for enterprises (Boppiniti, 2019). In power 

systems, machine learning enhances energy 

distribution, forecasts maintenance requirements, and 

facilitates the integration of renewable energy sources 

more efficiently. Nonetheless, machine learning 

models frequently exhibit a lack of transparency, 

complicating the comprehension of decision-making 

processes—a phenomenon referred to as the "black-

box" effect (Von Eschenbach, 2021). Moreover, bias 
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in training data may result in inequitable or erroneous 

predictions, especially in critical domains such as 

recruitment, financing, or medical assessment (Min, 

2023). Machine learning systems necessitate 

substantial quantities of high-quality data, which can 

be difficult to acquire and process efficiently. 

Notwithstanding these problems, the swift progress in 

machine learning persists in enhancing its precision, 

scalability, and ethical protections (David & Edoise, 

2025). Methods including explainable AI (XAI), bias 

reduction, and model interpretability frameworks are 

being devised to tackle transparency concerns 

(Thalpage, 2023). Furthermore, hybrid models that 

integrate machine learning with conventional rule-

based systems are enhancing reliability in essential 

applications such as energy management and 

healthcare. Despite its shortcomings, machine learning 

continues to be an influential instrument for 

addressing intricate issues, fostering innovation, and 

enhancing practical operations (Ashraf et al., 2024). 

As research advances, it will be imperative to address 

ethical problems, improve model fairness, and 

enhance interpretability to optimize the advantages of 

Machine Learning across various businesses. 

Power Systems 

Power systems constitute the foundation of 

contemporary society, tasked with the generation, 

transmission, and distribution of power to residences, 

industries, and enterprises. These systems consist of 

several components, including power plants, 

transformers, transmission lines, substations, and 

distribution networks (Belu, 2022). The primary 

objective of a power system is to provide electricity in 

an efficient, reliable, and sustainable manner (Zhong, 

2020; Belu, 2022). Traditional power systems, 

predominantly engineered for centralized energy 

generation, are increasingly encountering issues due to 

escalating energy needs, deteriorating infrastructure, 

and the incorporation of renewable energy sources 

(Khalid, 2024). The shift to smart grids and 

decentralized energy systems seeks to resolve these 

challenges, necessitating modern technologies like 

artificial intelligence (AI), machine learning, and 

automation for successful execution (Arévalo and 

Jurado, 2024). 

A significant concern in power systems is their 

susceptibility to disruptions, such as natural 

calamities, cyber intrusions, and technological 

malfunctions. The stability of the grid is crucial, as 

interruptions in power supply can result in extensive 

economic and social repercussions (Khan et al., 2023; 

Arévalo and Jurado, 2024). The traditional power grid 

functions on a demand-responsive model, wherein 

energy generation is modified according to projected 

consumption trends (Arévalo and Jurado, 2024). This 

paradigm is increasingly insufficient due to the 

inclusion of renewable energy and variable loads. 

Contemporary power systems must integrate real-time 

monitoring, predictive analytics, and self-healing 

functionalities to enhance resilience (Maurya, 2024). 

Moreover, optimizing power systems is essential to 

minimize losses, decrease carbon emissions, and 

improve economic efficiency; yet, this necessitates 

surmounting technical and regulatory challenges. 

Furthermore, the sustainability of electricity networks 

is an increasing concern in the context of climate 

change and environmental degradation (Al-Shetwi, 

2022). Traditional energy sources, including coal and 

natural gas, substantially contribute to greenhouse gas 

emissions. The transition to cleaner alternatives, such 

as solar, wind, and hydroelectric energy, offers both 

benefits and challenges (Olabi& Abdelkareem, 2022). 

Renewable energy sources are sporadic and 

necessitate sophisticated grid management techniques 

to ensure stability. Energy storage systems, including 

batteries and pumped hydro storage, are essential in 

addressing these difficulties (Jafarizadeh et al., 2024).  

Nonetheless, their elevated expenses and 

technological constraints continue to impede 

widespread use. Ultimately, the attainment of a 

sustainable, efficient, and resilient electricity system 

necessitates interdisciplinary collaboration among 

policymakers, engineers, data scientists, and industry 

stakeholders to devise new and scalable solutions 

(Ahmad et al., 2022). 

Measures of Power System 

This study adopted the following as measures of 

power system management  

Efficiency 
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Efficiency in power system management denotes the 

efficient use of resources for the generation, 

transmission, and distribution of electricity, aiming to 

minimize losses and maximize reliability (Alam and 

Arefifar, 2019). An exceptionally efficient power 

system guarantees that energy conversion processes—

from fuel combustion in power plants to electricity 

distribution to consumers—function at optimal 

performance with minimized waste (Infield and Freris, 

2020). Efficiency is generally assessed by thermal 

efficiency in power generation, transmission and 

distribution losses, and overall system performance 

(Arsalis, 2019). Conventional fossil fuel power plants 

frequently exhibit low thermal efficiency, with a 

substantial amount of energy dissipated as heat 

(Hafezi and Alipour, 2021). Conversely, renewable 

energy systems, including wind and solar, seek to 

enhance efficiency through direct energy conversion 

processes; nevertheless, their intermittency presents 

integration issues (Infield and Freris, 2020). 

Additionally, smart grids and automation technologies 

are being implemented to improve efficiency through 

optimized load distribution, minimized transmission 

losses, and real-time demand response capabilities. 

In addition to technical factors, power system 

efficiency includes economic and environmental 

considerations. Inefficient energy management results 

in elevated operational expenses, increased fuel 

consumption, and heightened carbon emissions, 

exacerbating financial and environmental pressures 

(Rathor and Saxena, 2020). Governments and energy 

suppliers are progressively investing in grid 

modernization, machine learning-based forecasting, 

and demand-side management measures to improve 

efficiency and sustainability (Ukoba et al., 2024). 

Demand-side response programs incentivize users to 

modify their energy consumption according to real-

time pricing signals, thus alleviating peak loads and 

improving system efficiency. The incorporation of 

energy storage options, including battery storage and 

pumped hydro systems, is essential for balancing 

supply and demand and enhancing overall efficiency 

(Abdelshafy et al., 2020). Attaining a high-efficiency 

power system necessitates a comprehensive strategy 

that incorporates technological advancement, 

governmental endorsement, and consumer 

engagement to guarantee sustainable and economical 

energy management. 

Optimization 

Optimization in power system management denotes 

the strategic distribution of resources, infrastructure, 

and operational procedures to attain maximum 

efficiency, dependability, and cost-effectiveness 

(Jayachandran et al., 2021). Due to the intricacies of 

contemporary power grids, optimization methods are 

crucial in domains such as economic dispatch, unit 

commitment, load balancing, and voltage regulation. 

Utilizing sophisticated mathematical models, artificial 

intelligence (AI), and machine learning (ML) 

algorithms, power system operators can enhance 

electricity generation and distribution, minimizing 

transmission losses and guaranteeing a reliable energy 

supply (Alhamrouni et al., 2021). Economic dispatch 

optimization identifies the best cost-efficient method 

for allocating electricity generation across several 

power plants while adhering to demand limitations. 

Likewise, grid optimization improves power flow 

management by reducing bottlenecks and enhancing 

voltage stability, so guaranteeing electricity is 

delivered to consumers with minimal losses and 

interruptions (Adegoke and Sun, 2023). 

In addition to operational efficiency, power system 

optimization is essential for the integration of 

renewable energy sources and the mitigation of 

environmental impact (Boza and Evgeniou, 2021). 

Due to the intermittent nature of solar and wind 

energy, optimization models assist in forecasting 

variations and adjusting energy storage or 

supplementary generation as needed. Furthermore, 

demand-side optimization enables utilities to regulate 

consumer energy consumption by promoting off-peak 

usage via dynamic pricing and smart grid technologies 

(Ahmed and Khalid, 2019). Energy storage 

optimization improves grid reliability by identifying 

optimal charging and discharging times for batteries in 

response to supply-demand variations. Power system 

optimization is a comprehensive strategy that 

integrates technical innovation, real-time data 

analytics, and predictive modeling to achieve a cost-

effective, resilient, and sustainable energy 

infrastructure (Kumar et al., 2024). 

Sustainability 

Sustainability in power system management refers to 

the ability to create, distribute, and utilize electricity in 
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a manner that meets present energy demands without 

sacrificing the needs of future generations (Krishan 

and Suhag, 2019). It includes three essential 

dimensions: environmental, economic, and social 

sustainability. Sustainable power systems seek to 

diminish carbon emissions, curtail resource depletion, 

and alleviate ecological harm by transitioning from 

fossil fuels to renewable energy sources, including 

solar, wind, and hydroelectric power (Al-Shetwi, 

2022). This transformation necessitates the 

incorporation of modern technology, like smart grids, 

energy storage systems, and machine learning-based 

forecasting, to efficiently manage the intermittency of 

renewable energy sources (Ukoba et al., 2024). 

Sustainability initiatives emphasize enhancing energy 

efficiency, minimizing transmission losses, and 

implementing cleaner production techniques to 

decrease the total environmental effect of power 

generation. 

Beyond environmental considerations, sustainable 

power system management also encompasses 

economic and social factors. Sustainability is attained 

economically through the optimization of energy 

expenses, the promotion of decentralized energy 

production, and the investment in robust infrastructure 

capable of enduring climate-related disturbances 

(Kabeyi and Olanrewaju, 2022). Governments and 

utilities are progressively enacting policies like carbon 

pricing, renewable energy subsidies, and demand-side 

management programs to promote sustainable habits. 

A sustainable power system guarantees universal 

access to inexpensive and dependable electricity, 

alleviating energy poverty and fostering equitable 

resource distribution (Haley et al., 2020). Sustainable 

power system management aims to establish an energy 

future that is efficient, resilient, and ecologically 

responsible through the integration of technology, 

regulatory frameworks, and consumer participation. 

The relationship between Machine Learning and 

Power Systems  

The incorporation of machine learning (ML) in power 

systems has transformed the processes of electricity 

generation, distribution, and consumption. 

Conventional power grids function based on 

established models that frequently fail to 

accommodate the growing intricacy of contemporary 

energy requirements (Gellings, 2020). Machine 

learning helps decision-making in power systems by 

analyzing extensive datasets and recognizing patterns, 

hence enhancing forecasting, automation, and 

optimization (Ibrahim et al., 2020). Machine learning 

algorithms analyze historical and real-time data to 

forecast energy demand, enhance power distribution, 

and identify flaws prior to system failures. This data-

centric methodology assists utilities in decreasing 

operational expenditures, mitigating energy losses, 

and improving overall grid stability, rendering 

machine learning a crucial instrument in contemporary 

power system administration (Ahmad et al., 2022; 

Ibrahim et al., 2020). 

A major use of machine learning in power systems is 

load forecasting and demand prediction. Energy usage 

fluctuates due to variables including meteorological 

circumstances, economic activity, and user behavior 

(Habbak et al., 2023). Conventional forecasting 

techniques frequently fail to accurately capture these 

dynamic trends. Machine learning models, especially 

deep learning and reinforcement learning algorithms, 

evaluate extensive datasets to deliver more precise and 

adaptive demand forecasts (Ibrahim et al., 2020). This 

enables grid operators to enhance energy production 

efficiency, minimizing waste and maintaining a 

balanced supply-demand dynamic. Moreover, 

machine learning-driven demand response initiatives 

assist consumers and utilities in modulating electricity 

consumption in real-time, fostering efficiency and 

financial savings. 

Another crucial domain in which machine learning is 

revolutionizing power systems is the integration of 

renewable energy and the stability of the grid. The 

growing dependence on renewable energy sources, 

including solar and wind, creates instability and 

unpredictability in electricity output (Bessa et al., 

2019). Machine learning algorithms address these 

difficulties by forecasting variations in renewable 

energy production, enhancing energy storage 

efficiency, and adaptively modifying grid operations 

(Rangel-Martinez et al., 2021). Advanced machine 

learning models provide real-time modifications in 

power distribution, guaranteeing the effective 

utilization of renewable energy while maintaining grid 

stability (Singh et al., 2024). Furthermore, machine 

learning improves fault detection and predictive 
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maintenance, enabling utilities to anticipate future 

faults prior to their occurrence, hence minimizing 

downtime and maintenance expenses (Yaw et al., 

2025). 

In addition to operational efficiency, machine learning 

enhances power system security and resilience. 

Cybersecurity threats and physical vulnerabilities 

provide substantial hazards to energy infrastructure. 

Machine learning-based anomaly detection systems 

oversee grid performance, detecting anomalous 

activity or abnormalities that may signify cyberattacks 

or system failures (Devineni et al., 2021). Moreover, 

AI-driven self-healing grids can autonomously 

identify and address disturbances, redirecting power to 

avert extensive blackouts (Maurya, 2024). The 

interplay between machine learning and power 

systems constitutes a disruptive synergy, facilitating 

enhanced, efficient, and resilient energy management 

solutions that propel the shift towards sustainable and 

intelligent power grids. 

The following hypotheses were formulated from the 

study objectives:  

H₁: There is a significant relationship between 

predictive analytics and forecasting and 

power systems energy management in Eko 

Electricity Distribution Company. 

H₂: There is a significant relationship between 

optimization and control and power systems 

energy management in Eko Electricity 

Distribution Company. 

H₃:  There is a significant relationship between 

fault detection and predictive maintenance 

and power systems energy management in 

Eko Electricity Distribution Company. 

III. METHODOLOGY 

This research utilized a cross-sectional survey. The 

primary data was acquired using self-administered 

questionnaires. The population was made up of 500 

selected staff of Eko Electricity Distribution Company 

in Lagos State. The study's sample size of two hundred 

and seventeen (217) individuals was determined using 

the Krejcie and Morgan Table (1970). This study 

utilized simple random sampling. The study 

instrument was assessed and approved by field 

experts, and the Cronbach Alpha coefficient 

demonstrated that all items attained a score beyond 

0.70. The data were analyzed and then presented using 

both descriptive and inferential statistical approaches. 

Spearman Rank Order correlation was employed to 

test the hypotheses. The experiments utilized a 95% 

confidence interval and a significance threshold of 

0.05. 

Results 

Table 1:  Correlations Matrix for the Relationship Between the Variables 

 Power 

Systems 

Energy 

Management 

Predictive 

Analytics 

and 

Forecasting 

Optimization 

and Control 

Fault 

Detection 

and 

Predictive 

Maintenance 

Spearman's 

rho 

Power 

Systems 

Energy 

Management 

Correlation 

Coefficient 
1.000 .687** .702** .675** 

Sig. (2-

tailed) 
. .000 .000 .000 

N 203 203 203 203 

Predictive 

Analytics 

and 

Forecasting 

Correlation 

Coefficient 
.687** 1.000 .835** .681** 

Sig. (2-

tailed) 
.000 . .000 .000 

N 203 203 203 203 
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Optimization 

and Control 

Correlation 

Coefficient 
.702** .835** 1.000 .735** 

Sig. (2-

tailed) 
.000 .000 . .000 

N 203 203 203 203 

Fault 

Detection 

and 

Predictive 

Maintenance 

Correlation 

Coefficient 
.675** .681** .735** 1.000 

Sig. (2-

tailed) 
.000 .000 .000 . 

N 275 275 275 275 

**. Correlation is significant at the 0.01 level (2-tailed). 

Table 1 illustrates the test for the three postulated 

bivariate hypothetical statements. The results show 

that for  

Ho1: There is a significant relationship between 

predictive analytics and forecasting and 

power systems energy management in Eko 

Electricity Distribution Company. 

The correlation coefficient (r) shows that there is a 

significant and positive relationship between 

predictive analytics and forecasting and power 

systems energy management. The rho value is 0.687 

and it is significant at p 0.000<0.05.  The correlation 

coefficient represents a high correlation indicating a 

strong relationship. Therefore, based on empirical 

findings the hypothesis earlier stated is hereby upheld. 

Thus, there is a significant relationship between 

predictive analytics and forecasting and power 

systems energy management in Eko Electricity 

Distribution Company. 

Ho2: There is a significant relationship between 

optimization and control and power systems 

energy management in Eko Electricity 

Distribution Company. 

The correlation coefficient (r) shows that there is a 

significant and positive relationship between 

optimization and control and power systems energy 

management. The rho value 0.702 indicates this 

relationship and it is significant at p 0.000<0.05.  The 

correlation coefficient represents a high correlation 

indicating a strong relationship. Therefore, based on 

empirical findings the hypothesis earlier stated is 

hereby upheld. Thus, there is a significant relationship 

between optimization and control and power systems 

energy management in Eko Electricity Distribution 

Company. 

Ho3: There is a significant relationship between fault 

detection and predictive maintenance and 

power systems energy management in Eko 

Electricity Distribution Company. 

The correlation coefficient (r) shows that there is a 

significant and positive relationship between fault 

detection and predictive maintenance and power 

systems energy management. The rho value 0.675 

indicates this relationship and it is significant at p 

0.000<0.05.  The correlation coefficient represents a 

high correlation indicating a strong relationship. 

Therefore, based on empirical findings the hypothesis 

earlier stated is hereby upheld. Thus, there is a 

significant relationship between fault detection and 

predictive maintenance and power systems energy 

management in Eko Electricity Distribution Company. 

IV. DISCUSSION OF FINDINGS 

The study's findings underscore the transformative 

impact of machine learning (ML) on power systems, 

highlighting its contributions to efficiency, 

optimization, and sustainability. The study at Eko 

Electricity Distribution Company revealed substantial 

connections across ML-driven predictive analytics, 

optimization, and fault detection in relation to efficient 

power system management. Predictive analytics and 

forecasting improve energy demand estimation, 

enabling utilities to more effectively balance supply 

and demand. Optimization tactics, enabled by deep 

learning and reinforcement learning algorithms, 

enhanced resource allocation and minimized 

transmission losses, hence increasing energy 
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distribution efficiency. Furthermore, machine 

learning-based fault detection systems augmented grid 

resilience by detecting probable breakdowns prior to 

their escalation, hence providing enhanced 

maintenance and minimized downtime. 

These findings correspond with prior research that has 

delineated the function of machine learning in 

contemporary energy management. Ahmad and Chen 

(2020) demonstrated that machine learning-based 

forecasting models surpass conventional techniques in 

anticipating energy consumption patterns, hence 

enhancing grid stability. Rangel-Martinez et al. (2021) 

emphasized that machine learning improves the 

integration of renewable energy by forecasting 

variations in solar and wind power generation, hence 

diminishing dependence on fossil fuels. Additionally, 

Alimi et al. (2020) examined the function of machine 

learning in cybersecurity and anomaly detection 

within power grids, substantiating the present study's 

assertion that AI-driven self-healing grids can 

alleviate risks linked to system breakdowns and cyber 

attacks. 

V. CONCLUSION AND RECOMMENDATIONS 

The research shows that the incorporation of machine 

learning (ML) in power systems markedly improves 

efficiency, optimization, and sustainability in energy 

management. Empirical investigation at Eko 

Electricity Distribution Company demonstrated that 

machine learning-driven predictive analytics, 

optimization, and fault detection have significant 

positive connections with efficient power system 

management. Predictive analytics enhances demand 

forecasting, facilitating improved resource allocation 

and grid stability. Optimization methods diminish 

transmission losses and improve voltage control, and 

machine learning-based problem identification 

facilitates proactive maintenance, thereby reducing 

downtime and operational risks. These findings 

underscore the increasing significance of AI-driven 

solutions in the modernization of energy infrastructure 

and the enhancement of a more dependable and robust 

power grid. 

Notwithstanding the apparent advantages, the study 

also recognizes problems including data privacy 

issues, substantial computing demands, and legislative 

constraints that must be resolved to enable extensive 

implementation. Policymakers, engineers, and data 

scientists must collaborate to create frameworks that 

guarantee transparency, scalability, and security in 

machine learning systems. Subsequent study ought to 

concentrate on enhancing AI algorithms, augmenting 

explainability, and formulating economical 

implementation solutions. The transition to 

sustainable energy globally, along with the integration 

of machine learning and power systems, offers a 

chance to develop more intelligent, adaptive, and eco-

friendly energy solutions. 

The study thus recommends that:  

1. Eko Electricity Distribution Company ought to 

invest in sophisticated machine learning 

algorithms for energy demand forecasting to 

enhance precision and mitigate inefficiencies. 

Implementing real-time data analytics enables 

utilities to more accurately predict variations in 

energy usage, hence ensuring a more balanced 

supply-demand dynamic. 

2. To enhance power system management, 

optimization methodologies like reinforcement 

learning ought to be incorporated into grid 

operations. Smart grid technology must be 

augmented to diminish transmission losses, 

improve voltage regulation, and optimize the use 

of renewable energy. 

3. The corporation ought to implement AI-driven 

fault detection technologies to anticipate probable 

grid failures prior to their occurrence. Predictive 

maintenance solutions can decrease downtime and 

lower operational expenses, hence enhancing 

overall system reliability and resilience. 
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