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----------------------------------------************************----------------------------------

Abstract: 
The introduction of the modernization of electrical utilities requires intelligent asset management 
strategies that can reduce failures, maximize performance, and improve the lifespan of assets. 
Conventional maintenance methods tend to be reactive or time-based, and this results in inefficiencies and 
high costs of operations. Artificial Intelligence (AI) has become one of the most effective tools to 
revolutionize the asset management process due to predictive analytics, real-time monitoring, and 
automated diagnostics. The paper looks into the implementation of AI-driven analytics in smart asset 
management of electrical utilities. The different AI models which include machine learning, deep learning 
in visual inspections, and natural language processing in the document analysis are discussed on their 
application in assets health prediction, anomaly detection, and optimization of maintenance. Through real-
life examples and case studies, we explain the effectiveness of the AI models LSTM, XGBoost, and CNN 
in predicting equipment breakdowns and improving the decision process. The issues concerning data 
quality, model transparency, and cybersecurity are addressed, and the future directions such as explainable 
AI and digital twins are discussed. The piece has brought a systematic approach to deploy AI-based 
analytics into utility asset management systems, which will enhance reliability, resiliency, and cost-
effectiveness throughout the power industry. 
 
Keywords — Smart Asset Management, Electrical Utilities, AI-Powered Analytics, Predictive 
Maintenance, Energy Efficiency  
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I. Introduction 

a. Background and Motivation 

The challenges affecting electrical utilities 
worldwide are unprecedent due to the pressures to 
provide reliable, cost-effective, and sustainable 
energy in an ever-complex environment. The 
increase in electricity demand, the introduction of 
renewable energy sources, and increased 

regulatory demands and requirements have 
exacerbated the pressure on utilities to optimize 
their operational performance and at the same 
time cut down their overall costs. Effective asset 
management is at the core of these respective 
objectives and aims at maximizing the efficiency, 
safety, and life of those vital elements of critical 
infrastructure including transformers, circuit 
breakers, switchgears, substations and high-
voltage transmission lines. 
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Historically, asset management was largely based 
on planned maintenance and reactive 
management- solutions, which are rarely capable 
of dealing with the dynamic and changing 
character of modern power systems. This is 
especially challenging because global energy 
networks are growing and complex, including 
distributed energy resources, smart grid 
technologies, and sophisticated automation. 
Worsening the situation is the aging infrastructure 
where a significant number of assets are still at 
work way past their service life, exposing them to 
the risk of unplanned failure and expensive 
downtime. 

To overcome these issues, utilities are currently 
considering data-driven intelligent strategies for 
managing their assets. The methods use modern 
technologies of real-time monitoring of conditions, 
predictive analytics, and artificial intelligence to 
convert raw operational data into actionable 
insights. Through this type of solutions, the 
utilities will be able to transition away their 
conventional time-based maintenance into 
predictive and prescriptive models, minimize 
unplanned outages, decrease operational costs, 
and improve the overall system reliability. This 
change in paradigm not only enhances operational 
efficiency but also makes the objectives of grid 
modernization, sustainability, and resilience 
considering changing energy needs through 
operational efficiency. 

b. Limitations of Traditional Asset 
Management 

Conventional asset management practices in the 
power sector have historically relied on periodic 
inspections, scheduled servicing, and time-
based maintenance cycles. While these methods 
were adequate for simpler grid structures of the 
past, they are increasingly proving inefficient in 
today’s complex and highly interconnected energy 
systems. The primary limitation of these 

traditional approaches lies in their reactive and 
preventive nature, which often results in 
premature component replacements, excessive 
maintenance costs, and, paradoxically, a higher 
likelihood of unexpected equipment failures. 

In such frameworks, maintenance schedules are 
typically determined by predefined intervals 
rather than the actual condition of assets. For 
instance, a transformer might be overhauled or 
replaced after a fixed number of operating hours, 
regardless of whether it is functioning optimally 
or nearing failure. This lack of real-time 
visibility and condition-based decision-making 
leads to two significant issues: unnecessary 
capital expenditure on assets that still have a 
usable lifespan and heightened operational risks 
when latent faults go undetected until they 
escalate into critical failures. 

Moreover, as large-scale utilities manage 
increasingly diverse and geographically 
distributed asset portfolios, the scalability of 
periodic, manual inspections becomes a major 
bottleneck. The logistical complexity of deploying 
field teams across vast transmission and 
distribution networks not only drives operational 
costs but also introduces human error and delays 
in fault detection. These challenges underscore the 
inadequacy of legacy asset management models in 
delivering the reliability, efficiency, and resilience 
required for modern power grids. 

c. Role of AI in Modern Utilities 

Artificial Intelligence (AI) is transforming the 
asset management industry as it allows predictive 
and prescriptive maintenance approaches, which 
are way beyond the ability of the older techniques. 
In contrast to traditional methods that use 
predetermined schedules or post-failure 
interventions, AI makes use of more sophisticated 
data analytics and machine learning algorithms to 
deliver actionable and real-time information on 
the health and performance of assets. The ability 
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of AI systems to forecast possible failures, detect 
patterns of degradation, and discover latent trends 
that frequently go unobservable with manual 
analysis thanks to processing huge amounts of 
heterogeneous data, including IoT sensor 
measurements, thermal scans, vibration, SCADA 
files, and past maintenance logs. 

These predictive capabilities enable utilities to 
identify faults long before they happen and 
minimize unexpected outages and improve life 
cycles of assets through AI. Moreover, AI 
prescriptive analytics will go a higher notch and 
suggest the best maintenance procedures, resource 
allocation plans, and risk mitigation steps 
according to the cost-benefit analysis and 
operational priorities. This provides reliability and 
safety, as well as considerable operational savings, 
since only the maintenance activities that are 
necessary and are performed in the most efficient 
way.  

The advantage of using AI to manage assets is 
extensive. There is better availability of assets, 
better operational safety, and better conformity to 
regulatory standards in utilities, as well as a lower 
downtime, and reduction of maintenance costs. 
Additionally, with the introduction of distributed 
energy sources and renewable generation, the 
complexity of power grids is growing, thus AI 
offers the scalability, flexibility, and intelligence 
necessary to get this changing infrastructure under 
control. This shift in paradigm between reactive 
and predictive as well as prescriptive maintenance 
is one of the key pillars of the grid modernization 
efforts today.  

d. Objectives and Scope of the Study 

This paper aims to: 

Investigate the integration of AI in electrical 
utility asset management, 

Evaluate the performance of AI models for failure 
prediction and diagnostics, 

Highlight real-world applications and deployment 
architectures, 

Discuss existing challenges and future 
innovations. 

Figure 1: Framework of AI-Driven Smart Asset 
Management in Electrical Utilities 

II. Literature Review 

a. Evolution of Asset Management in Power 
Systems 

Over the past few decades, asset management 
frameworks in the energy sector have undergone 
a significant transformation, moving from 
manual inspections and time-based 
maintenance schedules toward more advanced, 
condition-based and risk-based methodologies. 
This evolution reflects the growing need for 
efficiency, reliability, and proactive decision-
making in managing critical infrastructure. 
Condition-based maintenance (CBM) emphasizes 
monitoring the actual health and performance of 
assets through real-time data and diagnostics, 
allowing interventions only when necessary. Risk-
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based approaches further enhance this strategy by 
incorporating probabilistic models and failure 
of consequence analysis, ensuring that 
maintenance resources are prioritized for assets 
with the greatest operational and financial impact. 

To bring consistency and best practices to these 
methodologies, international standards such as 
ISO 55000 and PAS 55 have been developed, 
providing comprehensive frameworks for 
managing the entire asset lifecycle—from 
acquisition and operation to decommissioning. 
These standards outline governance structures, 
performance evaluation criteria, and continuous 
improvement mechanisms that align asset 
management with organizational objectives and 
stakeholder expectations. 

Measurement and performance evaluation are 
central to these frameworks. Commonly used key 
performance indicators (KPIs) include: 

Mean Time Between Failures (MTBF): A 
reliability metric that indicates the average 
operational time between asset failures, used to 
assess system robustness. 

Remaining Useful Life (RUL): An estimate of 
the time an asset will continue to operate before 
requiring replacement or major overhaul, based on 
predictive analytics and condition monitoring. 

Asset Risk Indices: Composite measures that 
quantify the probability and consequences of asset 
failures, helping utilities prioritize maintenance 
and investment decisions. 

By leveraging these metrics within structured 
frameworks, utilities can make data-driven, 
strategic decisions that improve reliability, 
reduce operational costs, and extend asset 
lifespans. The integration of these principles with 
digital technologies and AI-driven tools 
represents the next stage in the evolution of asset 
management. 

b. AI Technologies for Utility Asset 
Analytics 

Artificial Intelligence has provided a variety of 
tools and techniques that can greatly improve the 
performance management of an asset, as they can 
provide precise predictions, real-time status check, 
and decision-making processes. Commonly used 
supervised learning algorithms like XGBoost and 
random forests as well as Support Vector 
machines (SVM) are used in failure classification, 
where utilities predict the possible fault conditions, 
based on historic and real-time data. Moreover, 
deep artificial intelligence techniques especially 
Convolutional Neural Networks (CNNs) have 
been instrumental in the detection of visual 
defects through the analysis of thermal surfaces, 
infrared surface scans, and other visual inspection 
data to identify irregularities that could be caused 
by the wear and tear of equipment. 

Time-series models such as Long Short-Term 
Memory (LSTM) networks are used to predict the 
health of assets over time to predict the remaining 
useful life (RUL) of critical components, used in 
predictive maintenance and degradation. In 
addition to structured data, AI can also be used to 
work with the abundance of unstructured data in 
maintenance logs and inspection reports. Natural 
Language Processing (NLP) models can be used 
to determine actionable information or identify 
recurring problems and assist in automated 
documentation using historical data and 
technician notes, using transformer-based models, 
specifically BERT. These AI-powered tools 
collectively comprise a single ecosystem that will 
help the utilities change their approach to 
maintenance, shifting to the strategy of predictive 
and prescriptive maintenance that enhances 
reliability, safety, and cost-efficiency.  
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c. Case Studies and Industry Trends 

Several leading utilities and technology providers 
have already embraced AI-driven solutions for 
asset operations, demonstrating the practical 
benefits of these advanced technologies. For 
instance, Électricité de France (EDF) utilizes 
predictive modeling techniques to detect early 
signs of transformer failures, enabling timely 
interventions and reducing unplanned outages. 
Similarly, Duke Energy has integrated computer 
vision systems into its substation inspection 
processes, leveraging image recognition 
algorithms to identify anomalies such as corrosion, 
loose connections, and overheating components 
with greater accuracy and speed than manual 
inspections. In parallel, Siemens employs a 
combination of digital twin technology and 
machine learning models to simulate real-world 
operating conditions and optimize the entire asset 
lifecycle, from design and installation to 
maintenance and retirement. These examples 
highlight the transformative role of AI in 
improving asset reliability, operational 
efficiency, and cost-effectiveness within the 
power sector. 

 Table 1: Recent AI Applications in Utility Asset 
Management 

Study Mode
l 

Application Accurac
y 

Regio
n 

Wang 
et al. 
(2023
) 

LST
M 

Transformer 
RUL 
Estimation 

95.6% China 

Patel 
et al. 
(2022
) 

CNN Insulator 
Crack 
Detection 

93.1% USA 

El-
Gazza
r et al. 
(2021
) 

RF Cable Fault 
Classificatio
n 

90.4% UK 

III. Methodology 

a. Data Collection 

The success of AI models in managing assets is 
highly determined by the quality and diversity of 
data applied in training and decision-making 
processes in real-time. Much of this information is 
collected by sensors on the grid that constantly 
scan such parameters as vibration, temperature, 
and moisture levels, which give important 
information about equipment health and 
performance anomalies. Also, the Supervisory 
Control and Data Acquisition (SCADA) systems 
provide a continuous flow of real-time operational 
information, such as load changes, voltage 
changes, and faults, which is the basis of 
predictive analytics. 

In addition to numerical data, visual data, 
including infrared imagery, drone inspection, and 
thermal imagery, allows detection of defects, such 
as hot spots, corrosion, structural damage, etc., 
using the computer vision methods. These 
structured datasets are supplemented by 
unstructured sources of data, such as maintenance 
records, technician handover, and historical fault 
records that can be processed with Natural 
Language Processing (NLP) and reveal patterns 
and recurrent fault circumstances. All these 
different streams of data make the foundation of 
the AI-based asset management systems and 
allow to make more precise predictions, identify 
faults more quickly, and plan maintenance more 
efficiently. 

b. Data Preprocessing 

Developing accurate and reliable AI models for 
asset management requires a comprehensive data 
preprocessing workflow to ensure quality and 
consistency. The process begins with noise 
filtering and normalization, which eliminates 
erroneous readings and standardizes data scales to 
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improve model performance. Next, missing data 
imputation techniques, such as interpolation or 
machine learning-based estimation, are applied to 
handle incomplete datasets and maintain 
analytical integrity. Following this, feature 
extraction and correlation analysis are 
conducted to identify the most relevant variables 
influencing asset health, reducing dimensionality, 
and improving predictive accuracy. Finally, for 
supervised learning approaches, the data 
undergoes labeling, where historical records are 
annotated with failure or non-failure outcomes, 
enabling models to learn from past patterns. These 
preprocessing steps are critical in transforming 
raw, heterogeneous datasets into structured, high-
quality inputs suitable for training robust AI 
algorithms. 

 Table 2: Input Parameters Used in AI Models 

Paramet
er 

Source Type Relevance 

Vibration Acceleromet
ers 

Numeric
al 

Predict 
bearing 
failure 

Oil 
Moisture 

Sensor Numeric
al 

Indicates 
insulation 
degradatio
n 

Visual 
Data 

Camera/Dro
nes 

Image Detects 
physical 
damage 

Failure 
Logs 

Historical 
Data 

Text Fault 
classificati
on 

c. Model Selection and Architecture 

Different AI models are employed to address the 
diverse analytical requirements of asset 
management. Convolutional Neural Networks 
(CNNs) are widely used for detecting surface 
defects from images, such as cracks, corrosion, 
or hotspots, leveraging their ability to capture 

spatial features in visual data. For risk assessment 
and classification tasks, XGBoost, a powerful 
gradient boosting algorithm, is utilized to identify 
and prioritize high-risk assets based on multiple 
operational parameters and historical performance 
indicators. To predict asset health trends, Long 
Short-Term Memory (LSTM) networks 
analyze time-series sensor data to forecast 
degradation patterns and estimate the remaining 
useful life of equipment. Additionally, BERT-
based Natural Language Processing (NLP) 
models are applied to extract valuable insights 
from unstructured sources such as work orders, 
inspection logs, and maintenance reports, enabling 
better decision-making and proactive maintenance 
planning. Together, these models form an 
integrated AI ecosystem that enhances the 
accuracy, efficiency, and intelligence of modern 
asset management systems. 

 

 

 Figure 2: Proposed AI Analytics Pipeline for Utility 
Asset Monitoring 
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IV. Results and Discussion 

a. Performance of Predictive Models 

To determine the effectiveness and strength of 
the presented AI-based asset management 
models, a thorough evaluation procedure was 
performed in relation to historical data 
presented by utility partners. These datasets 
comprised a wide variety of data, including 
time-series sensor data (temperature, vibration 
and moisture) as well as operational load 
profiles, maintenance records, and recorded 
failures. The provision of real-world data 
made the test of the models rigorous and 
practical since they were tested in conditions 
that represented real operating conditions. 

Of the models that were tried, including 
XGBoost (classification), CNNs (image-based 
defects), and BERT-based NLP (textual data) 
models, the Long Short-Term Memory 
(LSTM) model proved to be the most effective 
with the ability to predict asset degradation 
and estimate the Remaining Useful Life (RUL) 
of the critical components. LSTM architecture, 
which is specifically created to work with 
sequencing and time-related data, was found 
to be very effective in the identification of 
sophisticated temporal dependencies and 
progression trends under degradation that are 
usually not detected in traditional models. 

Key evaluation metrics (Root Mean Square 
Error, RMSE, Mean Absolute Error, MAE, 
and R-squared, R) were used to measure the 
performance of the model to have a holistic 
measure of predictive accuracy and model 
trustworthiness. In several of the experimental 
conditions, the LSTM produced the lowest 
RMSE and highest R2 scores, which means 
that the lifespan of assets using LSTM is 
strongly correlated with the real lifespan. This 

is specifically useful in predictive 
maintenance applications, where it can be 
used to plan interventions more accurately, 
minimize downtime, extend asset life, and 
allocate resources more effectively. 

These findings highlight the need to pick 
models that are related to the type of data and 
the nature of predictions. Whereas other 
algorithms like XGBoost and CNNs will 
remain crucial in classification and image-
based anomaly detection, LSTM turned out to 
be the most efficient at time-series forecasting 
tasks, which makes it a vital part of a 
complete AI-based asset management strategy. 

 

 Table 3: Model Comparison Based on Accuracy and 
F1 Score 

Model Accuracy F1-Score 
LSTM 95.6% 95.4% 
CNN 

93.1% 
92.7% 

XGBoost 91.3% 90.8% 

b. Inspection and Diagnosis with Computer 
Vision 

The use of CNN-based inspection models has 
introduced profound changes to the process of 
visual inspection in utility operations. 
Especially, it has decreased the time spent on 
inspection, operational cost, and human error. 
These models take advantage of the strong 
feature extraction of convolutional layers to 
precisely identify a defect like corrosion, 
cracks, and loose connections through images 
taken by drones, thermal cameras, and 
infrared sensors. Through automation of what 
used to take quite some manpower to perform 
and was prone to errors; utilities can now 
perform quicker and more regular checks on 
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huge and geographically dispersed 
infrastructures. 

Object detection architectures such as 
YOLOv5 have been one of the best 
applications of this method and has been 
shown to work remarkably in real-world 
utility scenarios. More recently, YOLOv5 
demonstrated a higher than 94 percent 
accuracy on detecting corroded parts on high-
voltage transmission towers, even at low-
resolution images, different lighting 
conditions, and weather conditions. This high 
detection rate would not only increase 
reliability but will also provide an opportunity 
of early detection before small surface defects 
develop into catastrophic failure. 

In addition, the combination of CNN-based 
inspection mechanisms and unmanned aerial 
vehicles (UAVs) contributes to their 
effectiveness even further, as they offer 
automated and real-time detection of defects 
during drone patrols. This removes the risks of 
hazardous manual ascents, as well as vast 
human effort, and enhances safety and 
scalability of operation. Taken together, these 
developments highlight the revolutionary 
potential of CNN-based computer vision 
models when it comes to making asset 
management of current power grids smarter, 
faster, and safer. 

 

�   

Figure 3: Defect Detection Output from CNN-Based 
Image Classifier 

c. Real-Time Asset Prioritization 

The integration of AI-enabled dashboards 
into asset management systems has 
revolutionized decision-making by providing 
real-time Asset Risk Indices (ARI), enabling 
operators to make informed and proactive 
maintenance decisions. These dashboards 
aggregate and analyze vast amounts of data 
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from sensors, SCADA systems, inspection 
reports, and predictive models to compute risk 
scores that reflect both the probability of 
failure and the criticality of each asset within 
the network. By visualizing this information 
in an intuitive and dynamic interface, 
operators gain immediate insight into which 
assets require urgent attention versus those 
that can safely remain in operation. 

The ARI framework typically incorporates 
predictive analytics, machine learning 
outputs, and risk modeling techniques to 
generate actionable recommendations. For 
example, an asset exhibiting abnormal 
temperature fluctuations and vibration patterns 
might receive a high-risk score, prompting 
early intervention before a catastrophic failure 
occurs. Similarly, the system factors in 
criticality measures, such as the asset’s role 
in the grid and the potential consequences of 
failure, to ensure that maintenance resources 
are allocated efficiently. 

Beyond prioritization, these dashboards 
support scenario analysis and what-if 
simulations, allowing utility planners to 
evaluate the impact of different maintenance 
strategies or budget allocations. The result is a 
significant improvement in operational 
efficiency, cost optimization, and reliability, 
as utilities can focus on the most vulnerable 
and strategically important components in real 
time. This approach exemplifies how AI-
driven visualization and decision support 
tools are transforming traditional asset 
management into a highly intelligent and data-
driven process. 

V. Challenges and Limitations 

Although Artificial Intelligence has 
revolutionary potential in asset management's 
smartness, a set of challenges and constraints 
must be met in terms of successful, reliable 

implementation. The problem of data is one of 
the major concerns since sensor failures, low 
connectivity or inconsistent recording might 
affect the quality of the unless input data, 
which directly decreases the accuracy and 
strength of predictive models. False positive 
or missed detections may occur incomplete or 
noisy data, and in the actual operation of a 
critical utility, these consequences may be 
devastating.  
 

The second big problem is model transparency. 
Most AI systems, and especially deep learning 
models, are black boxes in nature, whereby 
they can deliver precise predictions but do not 
give a clear understanding of how the 
decisions are made. This interpretability 
causes utility operators and engineers to not 
rely on the system entirely, making it 
challenging to comply with regulations and 
slow down the implementation of the AI-
based decision-making system. To address 
this gap, researchers are looking more into 
explainable AI (XAI) techniques to offer 
actionable information and simultaneously 
preserve predictive capabilities. 

Further barriers to AI adoption are integration 
barriers. The current utilities are still based 
mainly on the customary systems that are not 
compatible with the current AI systems. The 
opposition to digital transformation, 
organizational inertia, and the necessity to 
train the staff on a large scale may slow down 
the implementation of intelligent asset 
management tools. The alignment of AI 
workflows to the operational procedures is a 
challenge, even in the case of the technical 
infrastructure being in place. 

Lastly, the implementation of AI systems 
invariably raises the profile of cybersecurity 
risks of utility networks. Interrelated AI 
applications, especially those that are 
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connected to cloud-based services and IoT 
products, increase the number of potential 
attack points by cyber threats. Those with 
malicious intent may use AI vulnerabilities to 
interfere with the functions, bias the predictive 
models, or obtain unauthorized access to the 
sensitive infrastructure data. The solution to 
these cybersecurity issues is strong encryption, 
intrusion detection, and effective data-sharing 
methods, as well as active monitoring and 
threat evaluation methods. 

All these issues point to the necessity to 
implement AI in a holistic manner by 
integrating a solid data management 
framework, model interpretability, system 
integration planning, and cybersecurity to 
make sure that AI-based asset management 
can be efficient and reliable at the same time.  

VI. Future Research Directions 

New technologies will continue to improve 
AI-assisted asset management by eliminating 
the existing shortcomings and creating new 
opportunities. Explainable AI (XAI), which 
enhances the transparency of highly complex 
machine learning models by giving 
interpretable results based on prediction 
generation. This openness helps to build better 
trust among utility operators, ensures 
compliance with its regulations, and makes 
informed decisions when it comes to the 
management of critical assets. 

Another potential development is digital twins, 
which are AI models combined with real-time 
simulation systems that simulate how physical 
assets behave in different circumstances. 
Digital twins enable utilities to predict failures, 
optimize the maintenance, and make more 
resilient operational decisions by testing 
scenarios, predicting the performance in a 
virtual space, and not at risk of actual 
infrastructure. 

Simultaneously, federated learning provides a 
distributed architecture of AI models training 
in a group of utilities and maintains the 
privacy of data. Federated learning can keep 
confidential proprietary and sensitive data by 
sharing model updates instead of raw data, 
and thus, utilities can exploit shared 
knowledge without revealing operational data. 

The introduction of blockchain also 
strengthens the security and traceability of 
data on the management of assets. Blockchain 
offers data integrity, auditability, and 
accountability by offering immutable registry 
to host maintenance processes, sensor logs, 
and operational events, preventing the risks of 
manipulation and unauthorized access. 

Finally, intelligent models of assets are 
adaptive AI models. Such self-learning 
systems keep adapting to novel grid behavior; 
environmental conditions along with 
operational patterns such that dynamic 
predictive maintenance, resource allocation, 
and resilience are achieved. Collectively, these 
emerging technologies have the potential to 
make traditional asset management highly 
intelligent, secure, and collaborative 
ecosystem making utilities fit the needs of the 
current and future energy networks. 

VII. Conclusion 

Artificial intelligence-based smart asset 
management is radically changing the 
operational environment of contemporary 
electrical utilities. With the help of real-time 
condition monitoring, predictive maintenance, 
and smart diagnostic tools, AI will allow the 
utilities to improve reliability, reduce 
operational costs, and strengthen the system 
against unexpected failures. These functions 
enable us to take proactive measures, to 
distribute resources more efficiently, and 
reduce time of downtime, which is a decisive 
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transition between the reactive maintenance 
strategies and the data-driven, predictive ones.  

Although it has a major benefit, the 
implementation of AI in utility operations has 
been challenged by problems regarding the 
quality of data, the need to integrate with 
heterogeneous systems, and cybersecurity 
issues. To address these challenges, it is 
necessary to have strong preprocessing 
methods, standardized information structures, 
and safe sharing solutions to guarantee that AI 
models can safely and efficiently work on 
scale. In the future, explainable AI, digital 
twins, and federated learning systems are 
some of the upcoming technologies that will 
continue to improve transparency, operational 
visibility, and team analytics within utility 
networks.  

This research paper offers a strong basis of the 
continuity of research and real-life 
applications, including how AI-based 
analytics can redefine the asset management, 
increase the life cycle of critical infrastructure, 
and facilitate the development of smart, 
resilient, and sustainable electrical systems. 
With the combination of high-level 
computational intelligence and operations-
level strategy, the utilities are in a place to 
fulfill the requirements of more complex 
energy systems without compromising 
performance and reliability. 
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