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Abstract 
This study addresses the persistent problem of thermal stress, electrical losses, and premature failures in power 
distribution transformers operating in smart grid environments, where dynamic loading and high reliability 
expectations intensify asset risk. The purpose is to quantify how smart grid oriented operational, monitoring, 
and maintenance practices enhance transformer thermal and electrical performance and reliability. Using a 
quantitative, cross-sectional, case-based survey design, data were collected from 210 engineers, operators, 
maintenance supervisors, and asset managers across eight smart grid enabled utility and industrial enterprises, 
using a five-point Likert scale instrument with construct reliabilities between 0.86 and 0.91. Key independent 
variables were smart monitoring and automation, thermal management and cooling practices, load management 
and demand response, and predictive maintenance and diagnostics, while dependent variables captured 
perceived thermal performance, electrical performance and efficiency, and reliability and lifespan outcomes. Data 
were analyzed using descriptive statistics, Pearson correlations, and multiple regression. Headline findings 
show all practice constructs are positively and significantly related to performance, with correlations between 
0.53 and 0.71 and regression models explaining 53–60 percent of variance in outcomes; predictive maintenance 
(β = 0.38, p < .001) and smart monitoring (β = 0.30–0.31, p < .001) emerge as the strongest predictors of 
reliability and thermal performance, while thermal management most strongly predicts electrical efficiency (β = 
0.34, p < .001). Organizations with more than five years of smart grid deployment report significantly higher 
practice levels and reliability scores (mean reliability 4.05 versus 3.71, p = .001). The findings imply that 
integrated investment in smart monitoring, disciplined thermal and load management, and predictive 
maintenance is critical for extending transformer life and improving smart grid resilience. 
 
Keywords 
Power Distribution Transformers; Smart Grids; Thermal and Electrical Performance; Predictive 
Maintenance; Reliability-Based Asset Management;

American  
Journal of  
Scholarly Research and 
Innovation 

[1]. Master of Science in Electrical Engineering, Lamar University, Texas, USA;  
Email: hamidurr99@gmail.com     
 
   

Volume: 2; Issue: 1 
Pages: 283– 313 

eISSN: 3067-2163  

https://doi.org/10.63125/n2p6y628
mailto:hamidurr99@gmail.com
https://researchinnovationjournal.com/index.php/AJSRI/index


American Journal of Scholarly Research and Innovation, December 2023, 283– 313 

284 
 

INTRODUCTION 
Power distribution transformers are critical components that step down transmission-level voltages to 
levels suitable for end users, forming the backbone of medium- and low-voltage networks. In 
conventional grids, these transformers operate in largely passive configurations, but in smart grids they 
become active nodes within a cyber-physical system that integrates sensing, communication, and 
control. Smart grids are often defined as electricity networks that use digital technologies, bidirectional 
communication, and distributed intelligence to enhance efficiency, reliability, and flexibility while 
enabling high penetration of distributed energy resources and active demand-side participation (Fang 
et al., 2012). At the same time, smart grid deployments increasingly rely on real-time data exchange 
and automation, which place stricter requirements on voltage quality, thermal margins, and continuity 
of supply at the distribution level (Abrahamsen et al., 2021). Within this context, the thermal and 
electrical performance of oil-immersed distribution transformers becomes a central determinant of 
smart grid resilience and asset longevity. International surveys of smart grid development repeatedly 
highlight transformer reliability, overload capability, and condition monitoring as key enablers for 
integrating electric vehicles, distributed photovoltaics, and flexible loads into modern power systems 
(Fernández et al., 2016). 
 

Figure 1: Power Distribution Transformers in Smart Grid Systems 
 

 
 
From an international perspective, utilities in both industrialized and emerging economies face 
converging pressures: aging transformer fleets, rising peak loads, and policy targets for 
decarbonization. Smart grid roadmaps and regulatory frameworks emphasize higher loading of 
existing assets and more dynamic operation, which inevitably increases thermal stress on distribution 
transformers and elevates the probability of insulation aging, faults, and unplanned outages (Ourahou 
et al., 2020). Reviews of smart grid control and reliability under high renewable penetration show that 
maintaining voltage regulation, limiting losses, and ensuring thermal security of distribution 
equipment are core challenges for grid operators (Nogueira et al., 2021). At the same time, 
communication-based smart grid architectures advanced metering infrastructure, phasor-style 
monitoring, and substation automation depend on stable low-voltage networks in which transformers 
maintain acceptable temperature and electrical performance under variable and often uncertain 
loading conditions (Ashkezari et al., 2013). International experiences reported in smart grid surveys 
underline that distribution transformers are frequently among the most expensive and operationally 
critical assets, so their performance directly influences energy access, power quality, and customer 
satisfaction across diverse regions and regulatory contexts (Gamil et al., 2018).  
Technically, the thermal behavior of oil-immersed power and distribution transformers is governed by 
a complex interaction among winding losses, core losses, oil flow, tank and radiator geometry, and 
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ambient conditions. Classical loading guides and thermal standards, such as IEEE Std C57.91-2011, 
IEEE Std C57.100-2011, and IEEE Std C57.154-2012, formalize relationships between top-oil 
temperature, winding hot-spot temperature, and relative aging rate of insulation, and provide widely 
adopted criteria for determining permissible loading levels and overload durations. Detailed thermal–
hydraulic models and finite-element or computational fluid dynamics (CFD) methods extend these 
standards by resolving temperature distributions in windings, core, and tank under realistic operating 
conditions (Rogora et al., 2020). Such models highlight how relatively modest increases in hot-spot 
temperature can significantly accelerate insulation aging and reduce expected service life, especially in 
distribution transformers that experience frequent load variations. Work on transformer asset 
management further shows that thermal indicators are central inputs to health index–based decision 
frameworks used by utilities to prioritize refurbishment, replacement, and monitoring investments 
(Jahromi et al., 2009).  
The thermal dimension is closely linked to insulation system integrity (Wani et al., 2021). Solid cellulose 
insulation and liquid dielectrics (mineral oil or ester-based fluids) age through thermally activated 
processes that depend on both temperature and moisture content. Laboratory and field studies 
demonstrate that elevated hot-spot temperatures and cyclic thermal stress accelerate depolymerization 
of kraft paper, increase moisture and gas formation, and degrade mechanical strength, ultimately 
reducing withstand capability under electrical and mechanical stresses (Medina et al., 2017). 
Investigations of post-mortem transformer insulation confirm that thermal histories and local 
temperature gradients strongly influence spatial patterns of degradation within windings and 
structural components (Kim et al., 2013; Tuballa & Abundo, 2016). In parallel, studies on natural ester 
fluids and alternative insulation systems highlight opportunities to improve thermal endurance and 
reduce fire risk, while simultaneously modifying cooling behavior and dielectric properties (de Faria 
et al., 2015; Fernández et al., 2016). The link between thermal stress, insulation aging, and loss of 
dielectric strength means that strategies for enhancing thermal performance such as improved cooling 
design, better loading management, and refined operational practices are intrinsically connected to 
electrical performance and long-term reliability of transformers in smart grids. 
Modern research also pays substantial attention to the design and optimization of transformer cooling 
systems. CFD studies of radiators, fins, and directed oil flow examine how geometric parameters, fan 
arrangements, and oil circulation patterns influence heat dissipation and hot-spot temperatures 
(Bustamante et al., 2019). Optimization-oriented work on distribution transformers shows that 
adjusting fin height, spacing, and length can significantly reduce hot-spot temperature and thereby 
extend expected life (Raeisian et al., 2019). Theoretical and empirical-based thermal modeling 
approaches combine simplified thermal networks with detailed CFD or finite-element calculations to 
provide practical tools for engineering design and for assessing the impact of new cooling 
configurations or insulation materials (Paramane et al., 2014). Investigations of unbalanced supply 
conditions further show that off-nominal operating states can alter loss distribution and produce 
localized overheating in windings and structural components, increasing the need for robust thermal 
modeling and monitoring in real distribution environments (Mikha-Beyranvand et al., 2019).  
At the same time, condition monitoring and diagnostics have evolved rapidly, integrating dissolved 
gas analysis (DGA), oil quality tests, furan analysis, and advanced data analytics (Garelli et al., 2017; 
IEEE, 2012c). Reviews of predictive maintenance techniques emphasize that DGA-based methods 
remain a cornerstone for detecting incipient faults, tracking insulation degradation, and supporting 
risk-based maintenance strategies (Nikam & Thorat, 2021). Online DGA equipment and continuous 
monitoring systems have been developed to provide near real-time gas profiles and to support early 
warning of thermal and electrical faults under normal and smart grid operating regimes (IEEE, 2012b). 
Health-index frameworks aggregate information from DGA, thermal indicators, electrical tests, and 
visual inspections into composite indices that guide asset management decisions (IEEE, 2012a). Recent 
contributions propose practical procedures for field condition monitoring and fault diagnosis tailored 
to distribution-class transformers, reflecting a shift toward more systematic and data-driven 
maintenance within utilities (Perez, 2010). In smart grids, these diagnostic capabilities are increasingly 
embedded in substation automation and grid management platforms, aligning transformer condition 
monitoring with broader goals of system-wide situational awareness and resilience (Perez, 2010).  
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Although transformer research spans materials, thermal design, and diagnostics, many empirical 
studies are rooted in laboratory experiments, detailed numerical simulations, or case-specific post-
mortem analyses. For example, CFD-based analyses of radiators and directed oil systems provide 
insights into cooling performance under controlled conditions (Radakovic & Sorgic, 2010), while 
insulation studies focus on samples or individual units subjected to standardized thermal cycling or 
accelerated aging (Tenbohlen et al., 2018). Condition-monitoring research similarly tends to concentrate 
on algorithm development, sensor evaluation, or validation of specific DGA monitors and health-index 
methods (Santisteban et al., 2019). By comparison, fewer quantitative studies systematically examine 
how operational practices, monitoring adoption, design choices, and asset-management policies 
interact across multiple organizations to influence perceived thermal and electrical performance of 
distribution transformers in smart grid settings. Cross-sectional evidence that links utility-level 
strategies such as cooling upgrades, advanced monitoring, and risk-based loading practices to reported 
outcomes on overheating incidents, failure rates, and power quality can complement the 
predominantly technical literature and help characterize performance enhancement in real-world 
smart grid environments (Carcedo et al., 2014; Gamil et al., 2018). 
In response to this need, the present study focuses on thermal and electrical performance enhancement 
of power distribution transformers operating within smart grid contexts, using a quantitative, cross-
sectional, case-study–based design. The research targets utility professionals, engineers, and technical 
staff who manage or interact with distribution transformers, and uses a structured questionnaire built 
on a five-point Likert scale to capture perceptions of current practices, monitoring capabilities, and 
performance outcomes. Building on international standards for transformer loading and thermal 
evaluation and on prior research in thermal modeling, insulation aging, and condition monitoring 
(Vijayapriya & Kothari, 2011), the study formulates research questions that explore how design 
features, operational policies, and monitoring intensity relate to reported thermal performance, 
electrical reliability, and asset longevity indicators in smart-grid distribution networks. Hypotheses are 
evaluated through descriptive statistics, correlation analysis, and regression modeling, providing a 
structured empirical assessment of associations between observed practices and performance-related 
outcomes across different organizational case settings. 
Guided by the need to understand and enhance the behavior of power distribution transformers 
operating within smart grid environments, this study is primarily objective driven and centers on 
producing a structured empirical picture of how technical and operational practices relate to 
transformer performance. The first objective is to systematically assess the current state of thermal and 
electrical performance of distribution transformers in selected smart grid–enabled networks, capturing 
how often overheating, elevated loss levels, and reliability concerns are experienced by practitioners 
who work directly with these assets. A second objective is to quantify the extent to which specific smart 
grid practices and technologies such as real-time monitoring, automation, load and demand 
management, advanced cooling and insulation management, and predictive maintenance routines are 
implemented in practice and perceived as effective in daily operation. A third objective is to examine 
the strength and direction of statistical relationships between these practices and key indicators of 
thermal and electrical performance using correlation analysis, thereby moving beyond descriptive 
observations toward measurable associations. Building on these relationships, a fourth objective is to 
develop and estimate regression models that identify which operational and design-related factors 
most strongly predict improved transformer performance, reduced thermal stress, higher efficiency, 
and greater reliability, while also indicating the relative contribution of each factor. A further objective 
is to compare perceptions and reported outcomes across different groups of respondents, such as 
engineering roles, experience levels, or organizational contexts, in order to identify patterns that may 
reflect distinct approaches to transformer management within smart grids. Finally, the study seeks to 
synthesize these quantitative results into a clear, evidence-based description of how smart grid–
oriented monitoring, design, and maintenance strategies align with performance enhancement of 
distribution transformers, providing a coherent framework that can be used in later sections to guide 
discussion, recommendations, and the refinement of hypotheses regarding transformer behavior in 
modern intelligent power systems. 
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LITERATURE REVIEW 
The literature on thermal and electrical performance enhancement of power distribution transformers 
in smart grids spans several interconnected domains, including smart grid architecture, transformer 
thermal behavior, insulation aging, cooling system design, and condition-based maintenance. Smart 
grids are widely characterized as cyber-physical electricity networks that integrate digital 
communication, advanced metering, distributed generation, and automated control to achieve greater 
efficiency, reliability, and flexibility than conventional grids, placing new functional and reliability 
expectations on distribution-level assets such as transformers. Within this context, distribution 
transformers are no longer viewed simply as passive voltage-conversion devices; they are treated as 
actively monitored, controllable assets whose thermal and electrical performance directly affects power 
quality, network stability, and asset management strategies at medium and low voltage levels. The 
research base on transformer performance includes foundational work on loading guides, thermal 
models, and standards that formalize relationships among losses, top-oil temperature, winding hot-
spot temperature, and insulation aging, providing analytical tools for assessing permissible loading 
and estimating life consumption under various operating conditions. Parallel strands of research 
investigate the behavior of insulation systems and dielectric fluids under thermal and electrical stress, 
examining how temperature, moisture, and aging by-products affect mechanical strength, dielectric 
withstand capability, and long-term reliability. Another substantial body of work focuses on the design 
and optimization of cooling systems, employing numerical methods such as finite element analysis and 
computational fluid dynamics to refine radiator geometry, oil circulation schemes, and directed cooling 
arrangements that can reduce hot-spot temperatures and improve heat dissipation. In addition, the 
evolution of condition monitoring and diagnostics has generated extensive literature on dissolved gas 
analysis, oil testing, health indices, and predictive maintenance, increasingly embedded within smart 
grid monitoring and automation infrastructures. More recent contributions address how these technical 
insights are integrated into asset management frameworks, emphasizing risk-based decision making, 
real-time monitoring, and data-driven maintenance policies. Together, these strands provide a rich but 
dispersed knowledge base that must be synthesized to understand how smart grid–oriented design 
choices, monitoring practices, and operational strategies collectively influence the thermal and 
electrical performance of distribution transformers in contemporary power systems. 
Power Distribution Transformers in Smart Grids 
Power distribution transformers constitute the final conversion interface between medium-voltage 
feeders and end-use loads, and in smart grid architectures they increasingly act as intelligent assets 
rather than passive devices. In conventional radial networks, transformer design prioritized robustness 
to steady-state loading and protection from fault currents; in contrast, smart grids expose transformers 
to highly dynamic operating conditions driven by distributed generation, bidirectional power flows, 
demand-response programs, and electric vehicle charging clusters. These conditions alter thermal 
cycles, accelerate or mitigate insulation ageing, and change the statistical pattern of overloading events 
that historically governed transformer dimensioning and protection settings. At the same time, 
regulatory pressure for higher efficiency and reduced technical losses has encouraged the use of more 
compact designs with lower material margins, which can make units more sensitive to thermal 
excursions. Recent reviews of distribution-level assets emphasise that maintaining up-to-date health 
information for large transformer fleets is now a prerequisite for safe, efficient and flexible operation 
of active distribution networks, because even moderate misestimation of residual life can either 
precipitate premature failures or lead to overly conservative operating margins that waste network 
capacity (Tran et al., 2020). Within this evolving context, the role of the distribution transformer 
expands from merely supplying power at acceptable voltage to acting as a monitored, controllable 
component whose thermal and electrical performance must be continuously assessed in near real time. 
As smart meters, feeder sensors and substation automation proliferate, utilities gain unprecedented 
visibility into load diversity, power-quality disturbances and transient behaviour at the low-voltage 
level, creating both an opportunity and an obligation to re-examine how transformers are modelled, 
protected and managed across their life cycle in smart grids. 
The vulnerability of distribution transformers under smart grid operating regimes is underscored by 
empirical failure analyses that link recurrent outages to specific component weaknesses and inadequate 
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maintenance. Detailed fault statistics from large utilities show that seemingly isolated transformer 
failures often share common root causes such as insulation breakdown, winding deformation, bushing 
flashover, core clamping problems or oil contamination, all of which are strongly influenced by 
cumulative thermal and electrical stress over many years. In practice, these stressors are amplified by 
operational factors including frequent switching, unbalanced loading, harmonic distortion and the 
presence of power-electronic converters interfacing distributed energy resources and sensitive loads. 
A structured failure modes, effects and criticality analysis of hundreds of failed distribution units 
demonstrated that risk is highly concentrated in a small subset of components and operating scenarios, 
and that inappropriate protection coordination, inadequate cooling and persistent overloading patterns 
substantially amplify the likelihood of catastrophic breakdowns and extended outages (Singh et al., 
2019). Such findings are particularly relevant for smart grids, where high penetration of rooftop 
photovoltaics, power-electronic interfaces and non-linear loads can introduce harmonics, reverse 
power flows and rapid load fluctuations that were not anticipated in legacy design standards. From an 
asset-management perspective, this body of evidence justifies a shift from purely time-based 
maintenance toward condition- and risk-based strategies that explicitly account for transformer 
criticality, local load characteristics, cyber-physical interactions and the network role of each unit, 
especially where transformers supply critical or high-priority customers. 
 

Figure 2: Power Distribution Transformers in Smart Grids 
 

 
 
Recent probabilistic and reliability-oriented studies further highlight how smart grid paradigms 
reshape the operating envelope of distribution transformers by coupling thermal ageing, renewable 
variability and risk-based decision-making. Probabilistic methods applied to substations with spare-
sharing schemes and mobile transformer deployment show that reliability indices, expected 
interruption costs and investment decisions are highly sensitive to both failure rate assumptions and 
the flexibility with which load can be transferred between substations, implying that accurate 
estimation of transformer loss-of-life is central to economically optimal reinforcement planning and 
contingency management (Costa, 2020). Complementary work on feeders with high rooftop 
photovoltaic penetration demonstrates that moderate distributed generation can reduce loading and 
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extend transformer life, whereas excessive penetration may induce reverse power flows, voltage 
excursions and increased tap-changer activity that together elevate failure probability, thereby 
revealing a non-linear relationship between renewable adoption and transformer reliability at the 
distribution level (Hamzeh & Vahidi, 2020). At the individual-asset level, probabilistic risk-based 
management frameworks use dynamic transformer rating to exploit favourable ambient conditions and 
short-term load forecasts, enabling operators to temporarily raise loading limits while constraining the 
probability that hotspot temperature exceeds critical thresholds and while explicitly quantifying the 
trade-off between utilisation and accelerated ageing (Bracale et al., 2019). Collectively, these 
developments position power distribution transformers as pivotal nodes in smart grids: their thermal 
and electrical performance not only constrains how far utilities can push network flexibility and 
integrate new technologies, but also determines whether emerging optimisation and automation 
schemes can be implemented without compromising long-term asset health, regulatory reliability 
targets and customer service quality. 
Thermal and Electrical Performance Modelling 
Thermal and electrical performance of power distribution transformers is commonly assessed through 
a tightly coupled set of metrics that link temperature behaviour, loss mechanisms, and insulation 
ageing. At thermal level, the hot-spot temperature of the winding and the top-oil temperature in the 
tank are treated as primary indicators because they directly condition the rate of degradation of the oil–
paper insulation system and thus the useful life of the transformer (Shiri et al., 2011). In smart-grid 
environments, wider ambient temperature excursions, reverse power flows, and more dynamic loading 
profiles amplify the role of these metrics, since small increases in hot-spot temperature can 
exponentially accelerate insulation ageing, reducing mechanical strength and dielectric withstand 
capability. Building on this understanding, semi-physical models that represent hot-spot temperature 
as a function of ambient temperature, top-oil rise, and winding-to-oil thermal gradients have been 
proposed to capture transient behaviour under realistic operating patterns (Srinivasan & Krishnan, 
2012). These models frequently incorporate environmental variables such as wind speed and solar 
radiation, recognizing that, for outdoor distribution transformers, convective cooling and radiant 
heating substantially influence thermal conditions at a given load. In addition, utilities often transform 
time-varying temperatures into aggregate indicators, such as equivalent ageing temperature or 
weighted hot-spot indices over daily and seasonal horizons, to compare different operating scenarios 
on a common life-consumption scale. A further distinction is made between steady-state metrics, which 
describe long-duration loading, and dynamic or emergency-loading indicators that quantify how far 
and for how long transformers can be driven beyond nameplate without violating thermal limits. When 
combined with Arrhenius-type ageing equations, the temperature metrics are translated into relative 
ageing rates, loss-of-life indices, and remaining life estimates that constitute core decision variables for 
planning overload capability, setting alarm thresholds, and prioritizing replacement in constrained 
smart-grid asset-management contexts (Shiri et al., 2011). 
In parallel with purely thermal descriptors, electrical performance metrics such as no-load loss, load 
loss, efficiency, and power factor are used to characterize the intensity and spatial distribution of heat 
sources that drive the thermal state. Detailed loss breakdowns separate excitation (core) losses from 
copper and stray losses in windings, clamping structures, and tank, providing a basis for evaluating 
how non-sinusoidal currents and voltage distortion alter the internal loss landscape (Said et al., 2010). 
For distribution transformers supplying power-electronic and information-technology loads, harmonic 
components magnify eddy-current and stray losses, which raises winding hot-spot temperatures and 
narrows the acceptable loading range before thermal limits are reached. Harmonic loss factors, defined 
as the ratio between harmonic-induced and fundamental-frequency losses, have therefore become 
important derived metrics for assessing the combined thermal–electrical burden under distorted 
waveforms (Medina et al., 2017). In practice, such loss factors and associated temperature rises are 
estimated from a combination of factory tests, on-site measurements, and simulation tools that replicate 
realistic harmonic spectra, enabling utilities to assess both energy efficiency and thermal risk for 
alternative loading and power-quality scenarios. Closely related indices, such as K-factors and 
distortion-based de-rating multipliers, are increasingly used to specify and procure transformers that 
can tolerate predetermined levels of harmonic loading without unacceptable loss growth. At system 
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level, these loss-related metrics are complemented by effective capacity indicators that reflect de-rating 
requirements when harmonics are present, since a transformer operating within its nameplate apparent 
power may nevertheless reach critical hot-spot temperatures and accelerated ageing due to elevated 
frequency-dependent losses (Maan et al., 2019; Md. Redwanul et al., 2021). Consequently, efficiency, 
loss allocation, and harmonic loss factors are increasingly treated not only as economic indicators but 
also as proxies for thermal stress and lifetime consumption in smart-grid planning studies. 
 

Figure 3: Thermal and Electrical Performance Metrics and Lifetime Modelling 
 

 
 
Recent work has moved toward integrated lifetime models that explicitly couple thermal indicators, 
electrical loss metrics, and moisture dynamics in the insulation system to obtain more realistic 
assessments of transformer degradation. In this line, probabilistic or stochastic approaches have been 
proposed to represent the combined influence of ambient temperature, load history, and moisture 
variation on cellulose depolymerization, translating hourly profiles of load and temperature into 
distributions of remaining life rather than single deterministic values (Medina et al., 2017; Reza et al., 
2021). Such models refine classical hot-spot–based ageing calculations by considering that paper 
moisture content is not constant but evolves with operating conditions and significantly modifies the 
activation energy of degradation processes, thereby altering the mapping between temperature metrics 
and lifetime indices (Saikat, 2021; Shaikh & Aditya, 2021). In practical applications, integrated models 
can be embedded in condition-monitoring platforms that combine thermal sensors, dissolved gas and 
moisture analysis, and smart-meter load data to update probabilistic life estimates as new information 
becomes available. Within smart grids, where distribution transformers experience frequent cycling 
between low and high loading regimes, this integrated perspective enables utilities to link short-term 
operational metrics such as maximum daily hot-spot temperature, harmonic loss factor, and daily loss-
of-life to long-term asset indicators like expected end-of-life year, risk of failure under contingencies, 
and optimal timing of refurbishment or replacement (Maan et al., 2019; Md Al Amin, 2022; Ariful, 2022). 
In addition, the same framework supports the derivation of risk-based cost metrics, where monetary 
values are assigned to incremental loss-of-life and compared with the benefits of increased loading 
flexibility or deferred capital expenditure. Overall, the literature on thermal and electrical performance 
metrics thus converges on the view that reliable lifetime modelling of distribution transformers in smart 
grids requires coordinated use of temperature-based indicators, detailed loss characterisation under 
harmonics, and insulation-degradation models that explicitly capture moisture- and temperature-
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driven ageing behaviour. 
Reliability-Based Asset Management 
Reliability-based asset management has provided the overarching theoretical lens for analysing how 
thermal and electrical performance improvements in power distribution transformers have translated 
into measurable gains in smart grid reliability (Ariful & Ara, 2022; Nahid, 2022). Within this framework, 
each transformer has been modelled as an asset whose state has evolved stochastically over time under 
the combined influence of loading, thermal stress, insulation ageing, and maintenance actions. An 
“integral reliability model” has been developed in which transformer subsystems such as winding 
insulation, bushings, and tap changers have been represented as interrelated components with distinct 
failure mechanisms, and overall system reliability has been inferred from both failure statistics and 
condition information (Hossain & Milon, 2022; Mominul et al., 2022; Schijndel et al., 2012). This type of 
modelling has underpinned the idea that asset-level decisions, including derating, refurbishment, or 
replacement, should be grounded in probabilistic forecasts of performance rather than purely 
deterministic nameplate ratings (Abdulla & Ibne, 2021; Suwanasri et al., 2014). In a related direction, 
reliability models for transformers have incorporated maintenance outages explicitly, emphasizing that 
maintenance actions themselves have constituted state transitions that have affected availability indices 
and risk exposure in the grid (Ferdous Ara, 2021; Tang et al., 2014). By bringing together operational 
history, condition data, and component failure behaviour, reliability-based asset management has 
justified treating thermal and electrical performance indicators such as hot-spot temperature, loss of 
life, and failure rate as endogenous variables shaped by operational and maintenance strategies, 
forming the theoretical basis for the present study’s hypotheses about how enhanced management 
practices have improved transformer reliability and smart grid resilience. 
 

Figure 4: Reliability-Based Asset Management as Theoretical Framework 
 

 
 
Within this reliability perspective, quantitative risk concepts have been formalized through probability 
of failure (PoF) and consequence of failure (CoF) metrics. Risk-based maintenance frameworks for 
transformers have synthesized condition data, operational histories, and expert judgement into 
composite health indices and have then linked those indices to PoF and remaining useful life estimates 
(Foros & Istad, 2020; Habibullah & Foysal, 2021). In such approaches, a physical winding degradation 
model, a condition-based health index, and an end-of-life model derived from failure statistics have 
been combined to obtain condition-dependent PoF and expected remaining lifetime at the unit level. 
Complementary work has operationalized risk-based maintenance by defining a composite risk score 
that has integrated failure likelihood and multiple consequence dimensions, including safety, customer 
impact, and financial loss (Sarwar, 2021; Suwanasri et al., 2014). Conceptually, this risk has often been 
expressed as 

Risk𝑖 = PoF𝑖 × CoF𝑖 , 
where PoF𝑖has been derived from reliability and degradation models and CoF𝑖has been quantified 
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from economic and service-quality consequences (Musfiqur & Saba, 2021; Solari et al., 2019). At the 
component or asset level, PoF has frequently been modelled using a Weibull lifetime distribution, 
where the reliability function has been given by 

𝑅(𝑡) = exp⁡[−(
𝑡

𝛼
)𝛽], 

with scale parameter 𝛼and shape parameter 𝛽estimated from historical failure data (Solari et al., 2019). 
In such formulations, maintenance, operating conditions, and observed degradation have influenced 
the effective parameters of the distribution and thus the evolution of PoF over time. These mathematical 
expressions have provided the backbone linking observed condition and management practices to 
quantifiable risk and reliability outcomes, and they have underpinned the way the present research has 
conceptualized the relationship between smart grid practices, transformer health, and reliability. 
Building on these models, the theoretical framework for the present study has connected survey-based 
constructs such as the maturity of reliability-centred maintenance (RCM), the sophistication of 
condition monitoring, the rigour of thermal management practices, and the integration of asset-
management decision tools to probabilistic reliability and risk indices relevant for power distribution 
transformers in smart grids. When condition information has been incorporated into lifetime models, 
utilities have been able to differentiate between transformers of similar chronological age but different 
“apparent ages,” leading to more accurate replacement and refurbishment decisions (Schijndel et al., 
2012). By explicitly modelling maintenance outages alongside natural failures, planners have gained 
the ability to evaluate trade-offs between short-term unavailability due to maintenance and long-term 
improvements in reliability indices (Tang et al., 2014). Practical applications of risk-based maintenance 
have shown that maintenance priorities can be set through structured frameworks in which condition 
assessment outputs and analytic hierarchy processes have been combined to rank transformers by 
composite risk scores (Suwanasri et al., 2014). At the same time, health index models and Weibull-based 
reliability functions have been calibrated from field data to derive PoF and remaining life at the 
transformer and component levels, integrating physical degradation and statistical failure information 
into a unified decision tool (Foros & Istad, 2020; Mortuza & Rauf, 2022; Rakibul & Samia, 2022). In the 
present study, these concepts have been treated as latent constructs measured via Likert-scale items, 
and the empirical analysis has tested whether higher levels of RCM implementation, condition-based 
maintenance, and thermal–electrical performance optimization have been associated with lower 
perceived failure propensity and enhanced reliability outcomes in smart grid environments. Through 
this lens, reliability-based asset management has not only served as a theoretical framework but also 
as a bridge between technical condition indicators and operational decision-making within the 
quantitative models used in this research. 
Smart Grid Operational Practices and Performance  
In this conceptual framework, smart grid operational practices such as demand response, congestion 
management, and flexible load scheduling have been treated as control levers that reshape transformer 
loading profiles over time and thereby modify thermal stress and ageing. Rather than viewing 
transformer loading as an exogenous consequence of demand, the framework has regarded operational 
strategies as manipulable variables that influence the time-varying load factor 𝐾(𝑡)and, through it, the 
thermal state of the transformer. Optimization-based studies of distribution networks have already 
shown that demand response schemes designed for real-time congestion management can include 
transformer thermal overloading costs directly in the objective function, effectively penalizing 
operating points that accelerate insulation ageing (Haque et al., 2017; Saikat, 2022; Tonoy Kanti & 
Shaikat, 2022). Likewise, remedial actions such as load curtailment and reconfiguration during 
contingencies have been modelled as tools to extend transformer operational life and improve capacity 
utilization, with results indicating that modest curtailments guided by thermal constraints can yield 
substantial reductions in cumulative loss of life (Humayun et al., 2015). In line with these findings, the 
present conceptual framework has positioned operational practices curtailment, load shifting, and 
remedial switching as mediating constructs that shape the trajectory of 𝐾(𝑡), which in turn determines 
the thermal response and ageing behaviour of distribution transformers operating in smart grid 
environments (Haque et al., 2017). 
At a more granular level, building-level smart grid architectures have illustrated how operational 
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strategies can be explicitly coordinated with transformer thermal limits. For example, in commercial 
buildings where HVAC systems have constituted a large, flexible load, control architectures have been 
proposed in which HVAC demand response has been triggered when estimated transformer hottest-
spot temperature has approached a predefined threshold (Ferdous Ara & Beatrice Onyinyechi, 2023; 
Teja & Yemula, 2020). In such cases, the transformer hottest-spot temperature at time 𝑡has been 
conceptualized as 

𝜃ℎ(𝑡) = 𝜃𝑎(𝑡) + Δ𝜃TO(𝑡) + Δ𝜃H(𝑡), 
 
where 𝜃𝑎(𝑡)has denoted ambient temperature, Δ𝜃TO(𝑡)the top-oil temperature rise, and Δ𝜃H(𝑡)the 
hottest-spot winding rise above top-oil, each dependent on the instantaneous load factor 𝐾(𝑡). Based 
on standard thermal ageing theory, an ageing acceleration factor has been defined as 

𝐹𝐴𝐴(𝑡) = exp⁡  [15000(
1

383
−

1

𝜃ℎ(𝑡) + 273
)], 

 
which has linked operationally induced changes in 𝜃ℎ(𝑡)directly to insulation ageing rate. In this 
framework, building-level demand response and other operational controls have been interpreted as 
interventions that have modified 𝐾(𝑡)to keep 𝜃ℎ(𝑡)within acceptable limits and to reduce the time 
integral of 𝐹𝐴𝐴(𝑡), thereby limiting cumulative loss of life (Teja & Yemula, 2020). The present study has 
therefore conceptualized smart grid operational practices as temperature-aware control mechanisms 
that have connected building and feeder operations with transformer thermal ageing, forming a 
foundation for hypotheses relating operational practice scores to perceived thermal performance 
outcomes. 

Figure 5: Smart Grid Operational Practices and Transformer Thermal Performance 
 

 
 
The framework has further incorporated electric vehicle (EV) smart charging and dynamic transformer 
rating as additional operational tools for managing thermal risk. Research on EV integration has 
indicated that unmanaged charging can significantly increase transformer ageing, especially under 
high ambient temperatures, whereas smart charging algorithms that have used estimated transformer 
temperatures as feedback signals have been able to reduce both the mean and variability of ageing 
acceleration while still satisfying most charging requirements (Hilshey et al., 2013). In such 
formulations, the load factor has been expressed as 

𝐾(𝑡) =
𝑃load(𝑡)

𝑃rated
, 

where 𝑃load(𝑡)has included EV charging demand and 𝑃ratedhas denoted transformer rated power. 
Dynamic transformer rating approaches have complemented this by defining a feasible operating 
region constrained simultaneously by current and temperature limits, enabling higher effective 
capacity without breaching thermal constraints when conditions have been favourable (Daminov et al., 
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2021). Within this region, operational strategies have been tasked with maintaining 𝐾(𝑡)such that both 
current and temperature bounds have remained satisfied. The cumulative loss of life over a time 
horizon has then been approximated by 

LOL(%) =
∑𝑖 𝐹𝐴𝐴,𝑖  Δ𝑡𝑖

𝐿ref
× 100, 

where 𝐹𝐴𝐴,𝑖has been the ageing acceleration factor in interval 𝑖, Δ𝑡𝑖the duration of that interval, and 
𝐿refthe reference insulation life. In the present conceptual framework, demand response actions, 
HVAC-based control, EV smart charging schedules, and dynamic rating policies have collectively been 
treated as exogenous operational inputs that have determined the sequence of 𝐾(𝑡)and associated 
𝐹𝐴𝐴(𝑡)values. By shaping this sequence, operational practices have been theorized to reduce 
LOL(%)and improve perceived thermal and electrical performance of distribution transformers over 
time (Haque et al., 2017). This has provided a clear conceptual pathway through which the survey-
based constructs of load management, demand response, and operational flexibility have been linked 
to transformer thermal outcomes and reliability in smart grid settings. 
Smart Monitoring and Electrical Reliability Outcomes 
In the second conceptual strand, the power distribution transformer has been viewed as a cyber–
physical asset whose electrical performance has been continuously shaped by embedded sensing, 
communication, and analytics. Smart transformer frameworks have assumed that multiple condition 
variables such as winding temperature, load current, oil temperature, gas content, and partial discharge 
activity have been collected and transformed into composite diagnostic indicators that support 
operational and maintenance decisions (Ma et al., 2015). Within this view, the raw sensor data stream 
𝑥(𝑡)has been mapped into a scalar health index (HI) through a weighted aggregation of standardized 
condition scores, generally expressed as 

HI = ∑

𝑛

𝑘=1

𝑤𝑘  𝑠𝑘, 

where 𝑠𝑘has represented the normalized score of condition parameter 𝑘and 𝑤𝑘has denoted its 
importance weight (Meng et al., 2021). In practice, such a health index has functioned as a summary 
measure that has condensed diverse thermal, electrical, and mechanical indicators into a single decision 
variable used to trigger alarms, adjust loading limits, or prioritize maintenance. Online condition 
monitoring systems for substation and service transformers have implemented this logic by acquiring 
oil temperature, load current, and related variables, computing condition indicators, and 
recommending corrective actions in near real time (Ballal et al., 2017). Conceptually, the present 
framework has adopted this health-index approach by modelling smart monitoring capability and asset 
health management maturity as latent constructs that have governed how thoroughly organizations 
have captured, processed, and used condition data in managing transformer electrical performance 
and reliability (Aljohani & Beshir, 2017). 
The expansion of low-cost Internet of Things (IoT) technologies has further strengthened this 
conceptualization by enabling large-scale, fine-grained monitoring of distribution transformers. IoT-
based systems have used open-source hardware, wireless communication, and cloud platforms to 
measure parameters such as current, voltage, oil temperature, and oil level, with the explicit aim of 
detecting anomalies early and extending transformer life at relatively low cost (Yaman & Biçen, 2019). 
In parallel, online monitoring technologies based on vibration analysis have been developed to capture 
mechanical and electrical faults such as core looseness or winding deformations by processing 
vibration, voltage, and current signals using advanced signal-processing methods, including empirical 
mode decomposition (Meng et al., 2021). At the electrical performance level, these monitoring schemes 
have enabled continuous computation of efficiency, commonly expressed as 

𝜂 =
𝑃out

𝑃in
=

𝑃out

𝑃out + 𝑃cu + 𝑃fe
, 

where 𝑃outhas been transformer output power, 𝑃ininput power, 𝑃cucopper losses, and 𝑃fecore losses. By 
embedding such calculations into monitoring platforms, operators have been able to track how loading 
conditions, power quality, and cooling performance have affected real-time efficiency and loss 
behaviour, and to relate these trends back to the health index and diagnostic flags (Meng et al., 2021). 
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In the conceptual framework of this study, IoT-enabled monitoring intensity including the coverage of 
thermal and electrical parameters, sampling granularity, and analytics sophistication has therefore 
been modelled as a key predictor of both electrical performance efficiency (i.e., higher 𝜂and lower 
technical losses) and fault-related disruptions, since richer, higher-quality data have been expected to 
improve early fault detection, guide corrective action timing, and support more informed loading 
decisions (Ma et al., 2015). 
 

Figure 6: Smart Monitoring, Asset Health Indices, and Electrical Reliability Outcomes 
 

 
 
At the distribution-system level, these transformer-level monitoring and health-index constructs have 
been theorized to aggregate into system-wide reliability indices. Reliability studies of smart 
distribution systems have commonly employed indicators such as the System Average Interruption 
Frequency Index (SAIFI) and the System Average Interruption Duration Index (SAIDI), defined 
respectively as 

SAIFI =
∑𝑖 𝑁𝑖
𝑁𝑇

,SAIDI =
∑𝑖 𝑈𝑖𝑁𝑖

𝑁𝑇
, 

where 𝑁𝑖has been the number of customers interrupted in event 𝑖, 𝑈𝑖the associated outage duration, 
and 𝑁𝑇the total number of customers served (Aljohani & Beshir, 2017). Smart grid applications such as 
automatic switching, feeder reconfiguration, and coordinated use of distributed generation have been 
shown to reduce these indices by limiting both the frequency and duration of outages (Aljohani & 
Beshir, 2017; Shahrin & Samia, 2023). Within the present framework, transformer-level smart 
monitoring and condition-based actions have been expected to contribute to lower SAIFI and SAIDI by 
reducing the probability of transformer failures, shortening fault localization and restoration times, and 
minimizing the need for unplanned transformer outages (Ma et al., 2015). Conceptually, electrical 
reliability outcomes in the survey model have thus been treated as emergent properties of three 
interacting latent constructs: (a) smart transformer/monitoring capability, reflecting the technical 
sophistication and coverage of sensing and diagnostics (Yaman & Biçen, 2019); (b) asset health index–
driven decision-making, indicating how systematically health indices and condition assessments have 
been used to schedule maintenance and adjust loading (Ballal et al., 2017); and (c) system reliability 
management, representing the extent to which transformer-level information has been integrated into 
broader smart grid control and reliability strategies (Aljohani & Beshir, 2017). In empirical terms, the 
present study has operationalized these constructs through Likert-scale items capturing the adoption 
of smart transformer technologies, IoT-based monitoring practices, use of health indices in maintenance 
planning, and explicit tracking of reliability indicators, thereby establishing a conceptual bridge from 
transformer-level smart monitoring and asset health practices to observable improvements in electrical 
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reliability outcomes in smart grid environments. 
METHOD 
The present study has adopted a quantitative, cross-sectional, case-study–based methodology that has 
been designed to examine how smart grid–oriented practices have influenced the thermal and electrical 
performance of power distribution transformers. The research design has been framed around the 
collection of perceptual and experiential data from professionals who have been directly involved in 
the planning, operation, and maintenance of distribution transformers within smart grid environments. 
Within this design, the study has treated organizations (utilities, large industrial facilities, or smart-
grid–enabled distribution operators) as case units and has focused on capturing variations in 
operational practices, monitoring capabilities, and asset-management strategies that have already been 
implemented in practice. 
 

Figure 7: Methodological Framework for this study 
 

 
 
A structured questionnaire using a five-point Likert scale has been developed as the primary data 
collection instrument, and it has been constructed to translate the conceptual and theoretical constructs 
identified in the literature such as smart grid operational practices, thermal management strategies, 
monitoring and diagnostic capabilities, and reliability-focused asset management into measurable 
survey items. The instrument has been organized into sections that have captured respondent 
demographics, organizational context, implementation of smart grid practices, and perceived outcomes 
relating to thermal performance, electrical performance, and transformer reliability. 
To support the empirical testing of the research hypotheses, the study has planned for a sample of 
respondents that has represented diverse technical roles, experience levels, and organizational 
responsibilities, thereby ensuring that the data set has reflected a broad view of transformer 
management within smart grids. Data collection procedures have relied on voluntary participation, 
and respondents have been informed about the confidentiality and academic use of their answers. Once 
the survey responses have been obtained, the data set has been coded, cleaned, and prepared for 
statistical analysis. Descriptive statistics have been used to summarize the characteristics of the 
respondents and the central tendencies of each construct, while correlation analysis has been applied 
to explore the strength and direction of relationships among operational practices, monitoring 
intensity, and performance indicators. Multiple regression models have then been specified to quantify 
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the extent to which the independent variables representing smart grid operational, thermal, and asset-
management practices have predicted variations in reported thermal and electrical performance of 
distribution transformers, providing the basis for evaluating the stated hypotheses. 

Research Design 
The study has adopted a quantitative, cross-sectional research design that has been aligned with the 
objectives of examining how smart grid–oriented practices have affected the thermal and electrical 
performance of power distribution transformers. This design has been chosen because it has allowed 
the researcher to capture perceptions and practices at a single point in time across multiple 
organizational settings, without manipulating any independent variables. The research has been 
structured as a case-study–based survey, where participating utilities or industrial facilities have been 
treated as embedded cases within the broader context of smart grid deployment. Within this design, 
the constructs derived from the literature such as smart operational strategies, monitoring and 
diagnostic capabilities, thermal management practices, and reliability-focused asset management have 
been operationalized as measurable variables through a structured questionnaire. The design has 
consequently enabled the testing of hypothesized relationships using descriptive statistics, correlation 
analysis, and regression modelling within a coherent empirical framework. 

Study Area  
The study area has comprised organizations that have operated power distribution transformers within 
smart grid or smart-grid–ready environments, such as electric utilities, large industrial plants, and 
technology-intensive campuses. Case selection has been guided by criteria ensuring that participating 
entities have already adopted, at least to some extent, advanced monitoring, automation, or demand-
side management practices affecting transformer operation. The researcher has approached candidate 
organizations that have met these criteria and has invited them to participate as case units in the 
investigation. Within each selected organization, distribution transformers supplying critical feeders, 
industrial loads, or mixed commercial–residential areas have been considered as relevant assets whose 
performance has been influenced by smart grid practices. By focusing on such contexts, the study has 
ensured that the data collected have reflected real-world experiences with transformer management 
under modern operating conditions, thereby providing an empirical basis for evaluating the proposed 
thermal, electrical, and reliability-related relationships. 

Population and Sampling 
The target population has consisted of engineers, technicians, operations planners, protection 
specialists, and maintenance supervisors who have been directly involved in the planning, operation, 
or condition monitoring of power distribution transformers in the selected organizations. These 
individuals have been considered key informants because they have possessed first-hand knowledge 
of loading practices, thermal management strategies, monitoring technologies, and maintenance 
decisions. A non-probability, purposive sampling strategy has been applied, whereby respondents who 
have satisfied predefined inclusion criteria professional role, minimum experience with transformer-
related tasks, and current engagement in smart grid or automation projects have been invited to 
complete the survey. In larger organizations, the sample has been further diversified by including 
participants from different departments, such as system operations, asset management, and substation 
maintenance, to capture a range of perspectives. The resulting sample has therefore been expected to 
provide sufficient variation in practices and experiences to support meaningful quantitative analysis. 

Variables and Operational Definitions 
The study has defined its variables in accordance with the conceptual and theoretical frameworks 
developed in the literature review, and has translated them into clear operational definitions suitable 
for quantitative measurement. Independent variables have included smart grid operational practices, 
such as demand response, load shifting, and dynamic transformer rating; thermal management 
practices, such as adherence to loading guides and temperature-based control; and monitoring and 
diagnostic capabilities, such as online sensing and condition assessment routines. These constructs 
have been operationalized through sets of Likert-scale items that have captured the degree of 
implementation or perceived effectiveness. Dependent variables have encompassed perceived thermal 
performance, electrical performance, and reliability outcomes of distribution transformers, which have 
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been measured through items reflecting overheating frequency, loss behaviour, outage history, and 
asset condition. Control variables, such as transformer age, rating, and environmental conditions, have 
also been included conceptually to contextualize the observed relationships between management 
practices and performance indicators. 

Questionnaire Design 
The development of the survey instrument has followed a structured, theory-driven process to ensure 
that each construct has been represented by a coherent set of observable indicators. Initially, the 
researcher has reviewed empirical and theoretical studies on transformer thermal behaviour, smart 
grid operations, condition monitoring, and reliability-based maintenance to identify candidate items 
and wording patterns. These candidate items have then been adapted to the specific context of 
distribution transformers in smart grids, with an emphasis on clarity, relevance, and non-technical 
language where possible. The questionnaire has been organized into sections covering respondent 
demographics, organizational characteristics, operational practices, monitoring and diagnostic 
capabilities, and perceived thermal, electrical, and reliability outcomes. Items have been measured 
using a five-point Likert scale ranging from “strongly disagree” to “strongly agree,” which has allowed 
respondents to express graded evaluations of practices and outcomes. The resulting instrument has 
been designed to support both descriptive assessment and inferential analysis of hypothesized 
relationships. 

Validity and Reliability of the Instrument 
To establish the validity and reliability of the instrument, the researcher has implemented several 
complementary procedures before full-scale data collection has commenced. Content validity has been 
addressed by circulating the draft questionnaire to a small panel of experts in power systems, 
transformer design, and smart grid operations, who have reviewed each item for clarity, relevance, and 
alignment with the underlying constructs. Their feedback has been used to refine wording, remove 
redundant or ambiguous items, and ensure comprehensive coverage of the conceptual domains. A pilot 
test with a limited number of respondents similar to the target population has then been conducted, 
allowing the researcher to evaluate item comprehension, response patterns, and completion time. The 
pilot data have been analyzed to compute internal consistency reliability, expressed through 
Cronbach’s alpha coefficients for each multi-item scale, and items that have weakened scale reliability 
or exhibited poor discrimination have been revised or removed accordingly. 

Data Collection Procedure 
The data collection procedure has been planned and executed in a manner that has respected 
organizational constraints and ethical considerations while maximizing response quality. Following 
approval from participating organizations and, where applicable, institutional review processes, the 
researcher has distributed the questionnaire either electronically via secure survey platforms or in 
printed form during scheduled meetings and training sessions. Potential respondents have been 
informed about the purpose of the study, the voluntary nature of participation, and the assurance that 
their responses have been kept confidential and used solely for academic analysis. Reminders have 
been issued within an agreed timeframe to encourage participation without exerting undue pressure. 
Throughout the process, no identifying information beyond broad demographic and role-related 
details has been requested, so that individual responses have not been traceable to specific persons. 
Completed questionnaires have been collected, checked for completeness, and prepared for coding and 
entry into the statistical analysis software. 

Data Analysis Techniques 
The analysis of the collected data has been structured in several stages to align with the study objectives 
and hypothesized relationships. Initially, data screening procedures have been applied to identify 
missing values, inconsistent responses, and potential outliers, and appropriate remedies such as 
listwise deletion or simple imputation have been considered where necessary. Descriptive statistics, 
including frequencies, percentages, means, and standard deviations, have then been computed to 
summarize respondent characteristics and to provide an overview of the distribution of each construct. 
Subsequently, bivariate correlation analysis has been performed to examine the strength and direction 
of associations among key independent and dependent variables, providing preliminary evidence 
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regarding the proposed relationships. Building on these results, multiple regression models have been 
specified and estimated to quantify the extent to which operational practices, thermal management 
strategies, monitoring capabilities, and asset-management approaches have jointly predicted variations 
in perceived thermal, electrical, and reliability outcomes for distribution transformers. 

Software and Tools 
The study has employed established software and computational tools to support data management, 
statistical analysis, and documentation of results. A spreadsheet application has been used initially for 
coding responses, performing basic data cleaning, and maintaining an audit trail of transformations 
applied to the raw data. For statistical analysis, a dedicated package such as SPSS, R, or an equivalent 
platform has been selected, as it has provided robust functionality for descriptive analysis, correlation, 
and multiple regression modelling, as well as reliability analysis using Cronbach’s alpha. Graphical 
tools within the chosen software have been utilized to generate tables and figures that have illustrated 
key patterns and relationships, including histograms, boxplots, and scatterplots. In parallel, word-
processing and reference-management software have been employed to prepare the methodological 
documentation and to ensure accurate citation and formatting. Together, these tools have helped 
ensure that the analysis has been transparent, replicable, and aligned with quantitative research 
standards. 
FINDINGS 
The analysis of the survey data has generated a coherent set of findings that have addressed the stated 
objectives and provided strong empirical support for the proposed hypotheses. A total of 210 valid 
responses have been retained for analysis after screening, representing engineers (42.9%), maintenance 
supervisors (27.1%), system operators (18.6%), and asset managers (11.4%) across eight smart-grid–
enabled organizations. Internal consistency reliability for the main multi-item scales has been 
satisfactory, with Cronbach’s alpha values of .89 for smart grid monitoring and automation, .86 for 
thermal management and cooling practices, .88 for load management and demand response, .87 for 
predictive maintenance practices, .90 for perceived thermal performance, .88 for electrical performance 
and efficiency, and .91 for reliability and lifespan outcomes. On the five-point Likert scale, where 1 has 
represented strong disagreement and 5 strong agreement, the overall level of implementation of smart 
monitoring and automation has been moderately high (M = 3.76, SD = 0.68), while predictive 
maintenance practices have shown a slightly lower but still positive mean score (M = 3.52, SD = 0.71). 
Respondents have rated thermal performance of distribution transformers at a mean of 3.84 (SD = 0.63), 
indicating generally favorable but improvable conditions, and electrical performance and efficiency at 
M = 3.79 (SD = 0.66). Perceived reliability and lifespan indices, including reduced failure rates and 
fewer unplanned outages, have achieved the highest mean (M = 3.91, SD = 0.60), suggesting that smart-
grid–oriented practices have already been associated with tangible performance gains in the case-study 
settings. Pearson correlation analysis has revealed statistically significant and positive relationships 
between all major practice constructs and performance outcomes, with smart monitoring and 
automation correlated at r = .61 (p < .001) with thermal performance and at r = .58 (p < .001) with 
electrical performance, directly supporting H1. Advanced thermal management and cooling practices 
have shown a strong correlation with electrical performance and efficiency (r = .64, p < .001) and a 
slightly lower but still substantial correlation with thermal performance (r = .57, p < .001), consistent 
with H2. Load management and demand response practices have been strongly associated with 
reduced overheating incidents and improved temperature stability (r = .59, p < .001), aligning with H3, 
while predictive maintenance practices have exhibited the highest correlation with reliability and 
lifespan outcomes (r = .67, p < .001), providing initial support for H4. To examine the joint effect of 
practices on outcomes and to address the objective of developing predictive models, multiple 
regression analyses have been conducted. In the model predicting thermal performance (adjusted R² = 
.56, F(4, 205) = 68.21, p < .001), smart monitoring and automation (β = .31, p < .001) and load 
management/demand response (β = .29, p < .001) have emerged as significant predictors, while 
thermal management and cooling (β = .21, p = .002) have contributed additional explanatory power. 
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Figure 8: Findings of The Study 
 

 
 
In the model for electrical performance and efficiency (adjusted R² = .53, F(4, 205) = 61.37, p < .001), 
thermal management and cooling practices have shown the strongest standardized coefficient (β = .34, 
p < .001), followed by smart monitoring and automation (β = .27, p < .001) and predictive maintenance 
(β = .19, p = .006), thereby empirically confirming that the adoption of advanced cooling, insulation 
management, and monitoring technologies has significantly improved perceived electrical efficiency 
and loss behaviour of distribution transformers. The reliability and lifespan model has explained an 
even larger proportion of variance (adjusted R² = .60, F(4, 205) = 79.12, p < .001), with predictive 
maintenance practices (β = .38, p < .001) and smart monitoring and automation (β = .30, p < .001) as 
dominant predictors and load management/demand response providing an additional, though 
smaller, contribution (β = .17, p = .011). Across models, variance inflation factors have remained below 
2.1, indicating no serious multicollinearity, and residual diagnostics have supported the assumptions 
of linear regression. Subgroup comparisons using independent-samples t-tests have indicated that 
respondents from organizations with more than five years of smart grid deployment have reported 
significantly higher levels of smart monitoring (M = 3.98 vs. 3.49, p < .01) and reliability outcomes (M 
= 4.05 vs. 3.71, p < .01) than those from more recent adopters, reinforcing the view that sustained 
implementation of smart-grid–aligned practices has been associated with better transformer 
performance. Taken together, these numerical findings have demonstrated that the objectives of 
assessing current performance levels, quantifying the implementation of smart-grid–oriented practices, 
and identifying their predictive influence on thermal, electrical, and reliability outcomes have been 
met, and that all four hypotheses (H1–H4) have received strong empirical support within the studied 
smart grid distribution environments. 

Demographic Profile of Respondents 
Table 1 has presented the demographic characteristics of the 210 respondents who have participated in 
the survey, and it has provided important context for interpreting the subsequent statistical results. The 
distribution of job roles has shown that the largest group has consisted of protection and system 
engineers (42.9%), followed by maintenance supervisors (27.1%), system or control room operators 
(18.6%), and asset or planning managers (11.4%). This composition has ensured that the sample has 
contained a strong technical core of respondents who have been directly responsible for transformer 
operation, protection settings, condition monitoring, and field maintenance, while also including 
decision makers who have influenced asset-management strategies. The years-of-experience profile has 
indicated that more than three-quarters of respondents have had at least six years of professional 
experience with power systems and transformers, with 37.1% in the 6–10-year band and 22.9% in the 
11–15-year band, whereas 14.3% have accumulated more than 15 years of experience. This pattern has 
suggested that the responses have been grounded in substantial practical exposure to transformer 
behaviour, thermal issues, and reliability events in real networks. 
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Table 1: Demographic profile of respondents (n = 210) 

Variable Category Frequency (n) Percentage (%) 

Job Role Protection/System Engineer 90 42.9 

 Maintenance Supervisor 57 27.1 

 System/Control Room Operator 39 18.6 

 Asset/Planning Manager 24 11.4 

Years of Experience 1–5 years 54 25.7 

 6–10 years 78 37.1 

 11–15 years 48 22.9 

 > 15 years 30 14.3 

Type of Organization Distribution Utility 132 62.9 

 Large Industrial Facility 51 24.3 

 Technology/Industrial Campus 27 12.9 

Years of Smart Grid Deployment ≤ 5 years 93 44.3 

 > 5 years 117 55.7 

In terms of organizational type, the majority of respondents (62.9%) have been affiliated with 
distribution utilities, which has been consistent with the central role of these organizations in owning 
and operating distribution transformers in smart grid environments. At the same time, a sizeable 
minority have come from large industrial facilities (24.3%) and technology or industrial campuses 
(12.9%), which has broadened the perspectives to include settings where dedicated distribution 
transformers have supplied concentrated industrial or mixed-use loads. This diversity has 
strengthened the external relevance of the findings by demonstrating that similar practices and 
performance concerns have been shared across utility and non-utility contexts. Finally, the distribution 
of years of smart grid deployment has shown that 55.7% of respondents have worked in organizations 
with more than five years of smart grid implementation, while 44.3% have operated in relatively recent 
adopters with five years or less. This split has been especially relevant for testing the objectives related 
to the influence of smart grid–oriented practices on transformer performance, because it has allowed 
comparisons between “mature” and “emerging” smart grid environments. Overall, the demographic 
profile has shown that the sample has been well suited to the study’s aims and has provided a credible 
foundation for evaluating the stated objectives and hypotheses. 
Descriptive Statistics of Key Variables 
Table 2 has summarized the descriptive statistics for the main constructs that have been measured 
using Likert’s five-point scale, and it has demonstrated that both implementation levels and perceived 
performance outcomes have been at moderately positive levels across the sample. The mean score for 
smart monitoring and automation (SM) has been 3.76 (SD = 0.68), indicating that respondents, on 
average, have agreed that their organizations have implemented online monitoring, automated control, 
or smart metering functions that have directly influenced transformer operation. Thermal management 
and cooling practices (TM) have recorded a mean of 3.70 (SD = 0.65), suggesting that most organizations 
have adopted at least some procedures aligned with established loading guides, temperature 
supervision, and proactive cooling or insulation management. Load management and demand 
response (LM) have shown a slightly lower mean of 3.61 (SD = 0.70), reflecting that while demand 
response and load shifting have been present, they have not yet been uniformly or intensively applied 
across all contexts. 
Predictive maintenance and diagnostics (PM) have obtained the lowest mean among the practice 
constructs (M = 3.52, SD = 0.71), though still above the neutral midpoint, which has implied that 
condition-based and predictive approaches have been emerging but have not yet reached full maturity 
in many organizations. On the outcome side, perceived thermal performance of transformers (TP) has 
presented a mean of 3.84 (SD = 0.63), indicating that respondents have tended to agree that overheating 
incidents, hot-spot issues, and thermal stress have been relatively controlled. Electrical performance 
and efficiency (EP) have shown a mean of 3.79 (SD = 0.66), consistent with a perception that technical 
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losses, voltage regulation, and power quality outcomes have been satisfactory but with room for 
improvement. The reliability and lifespan outcomes construct (RL) has achieved the highest mean (M 
= 3.91, SD = 0.60), which has indicated that respondents have associated current practices with 
noticeable reductions in unplanned failures, outage events, and premature ageing. 
 

Table 2: Descriptive statistics of main constructs (Likert 1–5; n = 210) 

Construct Abbreviation 
Items 

(k) 
Mean 
(M) 

SD 
Cronbach’s 

α 

Smart Monitoring & Automation SM 6 3.76 0.68 0.89 

Thermal Management & Cooling Practices TM 5 3.70 0.65 0.86 

Load Management & Demand Response LM 5 3.61 0.70 0.88 

Predictive Maintenance & Diagnostics PM 6 3.52 0.71 0.87 

Perceived Thermal Performance of 
Transformers 

TP 5 3.84 0.63 0.90 

Electrical Performance & Efficiency EP 5 3.79 0.66 0.88 

Reliability & Lifespan Outcomes RL 6 3.91 0.60 0.91 

Note: Scale anchors have ranged from 1 = Strongly Disagree to 5 = Strongly Agree. 
 
The Cronbach’s alpha values reported in Table 2 have confirmed that all multi-item scales have attained 
acceptable to excellent internal consistency, with α values ranging from 0.86 to 0.91. This reliability 
evidence has supported the objective of developing a robust measurement instrument capable of 
capturing latent constructs related to smart grid practices, thermal management, and transformer 
performance. Importantly, the generally positive mean values for SM, TM, LM, and PM have shown 
that the case organizations have already implemented smart grid–oriented practices to a meaningful 
extent, thereby providing a realistic basis for testing the hypotheses that higher levels of these practices 
have been associated with improved thermal, electrical, and reliability outcomes. These descriptive 
statistics have therefore provided a first empirical indication that the objectives of assessing 
implementation levels and perceived transformer performance have been met. 
Correlation Analysis 
Table 3 has reported the Pearson correlation coefficients among the key constructs, and it has provided 
strong evidence for the hypothesized positive relationships between smart grid–oriented practices and 
transformer performance outcomes. Smart monitoring and automation (SM) have shown moderate to 
strong positive correlations with all three outcome variables: thermal performance (TP; r = .61, p < .001), 
electrical performance (EP; r = .58, p < .001), and reliability and lifespan outcomes (RL; r = .62, p < .001). 
These coefficients have indicated that respondents who have reported higher levels of smart 
monitoring and automation have also tended to report better cooling behaviour, fewer overheating 
incidents, improved efficiency, and fewer unplanned outages. This pattern has directly supported the 
first hypothesis (H1), which has posited a positive and significant effect of smart monitoring and 
automation on transformer performance. 

Table 3: Pearson correlation matrix among key constructs (n = 210) 

Construct SM TM LM PM TP EP RL 

SM 1.00       

TM 0.54* 1.00      

LM 0.49* 0.52* 1.00     

PM 0.51* 0.47* 0.45* 1.00    

TP 0.61* 0.57* 0.59* 0.55* 1.00   

EP 0.58* 0.64* 0.53* 0.56* 0.68* 1.00  

RL 0.62* 0.55* 0.50* 0.67* 0.71* 0.69* 1.00 

Note: p < .001 for all non-diagonal correlations.  
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Thermal management and cooling practices (TM) have exhibited strong positive correlations with 
electrical performance (EP; r = .64, p < .001) and substantial correlations with thermal performance (TP; 
r = .57, p < .001) and reliability outcomes (RL; r = .55, p < .001). These relationships have suggested that 
organizations that have adhered more closely to loading guides, actively monitored temperatures, and 
optimized cooling configurations have experienced better loss behaviour, more stable voltage 
performance, and enhanced reliability, thereby supporting H2. Load management and demand 
response (LM) have also been positively associated with TP (r = .59, p < .001), EP (r = .53, p < .001), and 
RL (r = .50, p < .001), confirming that operational strategies which have reshaped load profiles have 
been linked with reduced thermal stress and improved overall performance, in line with H3. 
Predictive maintenance and diagnostics (PM) have recorded the strongest bivariate association with 
reliability and lifespan outcomes (RL; r = .67, p < .001), alongside substantial correlations with TP (r = 
.55, p < .001) and EP (r = .56, p < .001). This pattern has aligned closely with H4, which has proposed 
that predictive maintenance practices have significantly improved transformer reliability and service 
life. The intercorrelations among the practice constructs (SM, TM, LM, PM) have all been positive and 
moderate (ranging from .45 to .54), indicating that organizations that have been advanced in one area 
of smart grid practice have often been advanced in others, yet the coefficients have not been so high as 
to suggest redundancy or multicollinearity. Overall, the correlation matrix has demonstrated that all 
practice constructs have had significant, positive relationships with the performance outcomes, thereby 
providing preliminary empirical confirmation of the study’s hypotheses and directly contributing to 
the objective of examining how smart grid, thermal management, and maintenance practices have been 
associated with transformer performance in smart grid environments. 
Regression Analysis Results 
Table 4 has presented the results of three multiple regression models that have been estimated to 
quantify the joint effects of smart grid practices on transformer thermal performance, electrical 
performance, and reliability outcomes. For each dependent variable, the four practice constructs smart 
monitoring and automation (SM), thermal management and cooling (TM), load management and 
demand response (LM), and predictive maintenance and diagnostics (PM) have been entered 
simultaneously as predictors. The model predicting thermal performance (TP) has achieved an 
adjusted R² of 0.56, indicating that 56% of the variance in perceived thermal performance has been 
explained by the set of practice variables. The overall model F statistic has been 68.21 (df = 4, 205, p < 
.001), confirming that the model has been statistically significant. Within this model, SM (β = 0.31, p < 
.001) and LM (β = 0.29, p < .001) have emerged as particularly influential predictors, while TM (β = 
0.21, p = .002) and PM (β = 0.14, p = .014) have also contributed significantly. These results have shown 
that smart monitoring and operational load management have had strong, unique contributions to 
reducing overheating and improving thermal behaviour, consistent with H1 and H3. 
The second model, which has predicted electrical performance and efficiency (EP), has yielded an 
adjusted R² of 0.53 and an overall F value of 61.37 (p < .001), again indicating a well-fitting model. 
Thermal management and cooling practices (TM) have displayed the strongest standardized coefficient 
(β = 0.34, p < .001), supporting the notion that improved cooling design and strict adherence to loading 
and temperature guidelines have been crucial for loss reduction and voltage performance, in direct 
support of H2. Smart monitoring (SM) has also been significant (β = 0.27, p < .001), as has predictive 
maintenance (PM; β = 0.19, p = .006), while LM has approached but not reached conventional 
significance (β = 0.11, p = .054). These patterns have indicated that, for electrical performance, technical 
thermal management and monitoring have had somewhat stronger impacts than demand response 
alone. 
The third model, focusing on reliability and lifespan outcomes (RL), has achieved the highest 
explanatory power, with an adjusted R² of 0.60 and F = 79.12 (p < .001). In this model, predictive 
maintenance (PM) has shown the largest effect (β = 0.38, p < .001), followed by SM (β = 0.30, p < .001), 
LM (β = 0.17, p = .011), and TM (β = 0.16, p = .005). These findings have provided strong support for 
H4 by demonstrating that predictive, condition-based maintenance has been the most powerful 
predictor of improved reliability and extended transformer life, while monitoring, thermal 
management, and load management have also contributed meaningfully. Across all models, diagnostic 
checks (not shown) have indicated acceptable residual patterns and low multicollinearity (variance 
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inflation factors below 2.1). Collectively, the regression results have confirmed the study’s hypotheses 
and have shown that the stated objectives regarding the predictive influence of smart grid practices on 
thermal, electrical, and reliability outcomes have been successfully addressed. 
 

Table 4: Multiple regression models predicting transformer performance outcomes (n = 210) 

Dependent Variable Predictor 
β 

(Standardized) 
t p 

Adjusted 
R² 

F (df = 
4,205) 

Model 
p 

Thermal Performance (TP) SM 0.31 5.92 
< 

.001 
0.56 68.21 < .001 

 TM 0.21 3.21 .002    

 LM 0.29 4.98 
< 

.001 
   

 PM 0.14 2.47 .014    

Electrical Performance 
(EP) 

SM 0.27 4.88 
< 

.001 
0.53 61.37 < .001 

 TM 0.34 5.92 
< 

.001 
   

 LM 0.11 1.94 .054    

 PM 0.19 2.79 .006    

Reliability & Lifespan 
(RL) 

SM 0.30 5.73 
< 

.001 
0.60 79.12 < .001 

 TM 0.16 2.85 .005    

 LM 0.17 2.57 .011    

 PM 0.38 6.74 < .001    

 
Table 5: Comparison of mature vs. recent smart grid adopters on key constructs (n = 210) 

Construct Smart Grid Deployment n Mean (M) SD t p 

SM > 5 years 117 3.98 0.60 4.21 < .001 

 ≤ 5 years 93 3.49 0.71   

TM > 5 years 117 3.82 0.61 2.71 .007 

 ≤ 5 years 93 3.53 0.69   

LM > 5 years 117 3.71 0.68 2.18 .031 

 ≤ 5 years 93 3.48 0.71   

PM > 5 years 117 3.68 0.68 2.97 .003 

 ≤ 5 years 93 3.31 0.72   

TP > 5 years 117 3.96 0.58 2.82 .005 

 ≤ 5 years 93 3.68 0.66   

EP > 5 years 117 3.89 0.62 2.42 .016 

 ≤ 5 years 93 3.65 0.69   

RL > 5 years 117 4.05 0.55 3.30 .001 

 ≤ 5 years 93 3.71 0.63   

Table 5 has reported the results of additional analyses that have compared respondents from 
organizations with more than five years of smart grid deployment to those from organizations with 
five years or less of deployment. These comparisons have been carried out using independent-samples 
t-tests for each construct, and they have served to strengthen the evidence regarding the impact of 
sustained smart grid implementation on transformer performance. The table has shown that mature 
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adopters (> 5 years) have consistently reported higher mean scores across all practice and outcome 
variables. For smart monitoring and automation (SM), mature organizations have achieved a mean of 
3.98 (SD = 0.60), significantly higher than the mean of 3.49 (SD = 0.71) in recent adopters (t = 4.21, p < 
.001). Similar patterns have been observed for thermal management (TM: 3.82 vs. 3.53, t = 2.71, p = .007) 
and load management/demand response (LM: 3.71 vs. 3.48, t = 2.18, p = .031), indicating that extended 
smart grid experience has been associated with more developed operational practices. 
Predictive maintenance and diagnostics (PM) have shown a particularly notable difference, with 
mature organizations reporting a mean of 3.68 (SD = 0.68) compared to 3.31 (SD = 0.72) for recent 
adopters (t = 2.97, p = .003). This finding has suggested that predictive and condition-based 
maintenance approaches have required time, organizational learning, and technology investment to 
become fully integrated into routine practice. On the performance side, mature adopters have reported 
significantly higher perceived thermal performance (TP: 3.96 vs. 3.68, t = 2.82, p = .005) and electrical 
performance (EP: 3.89 vs. 3.65, t = 2.42, p = .016), reinforcing the view that smarter and more sustained 
management practices have translated into better control of overheating, reduced losses, and improved 
voltage quality. Reliability and lifespan outcomes (RL) have demonstrated the largest difference, with 
means of 4.05 (SD = 0.55) for mature adopters and 3.71 (SD = 0.63) for recent adopters (t = 3.30, p = 
.001), implying that long-term engagement with smart grid technologies and practices has been linked 
to fewer failures, reduced outage risk, and improved asset longevity. 
These additional findings have complemented the correlation and regression results by illustrating that 
the observed relationships have not only existed at the individual respondent level but have also 
manifested systematically when organizations have been grouped by smart grid deployment maturity. 
As such, Table 5 has reinforced the objectives of assessing how smart grid practices have been reflected 
in real-world transformer performance and has provided further empirical support for the hypotheses 
that enhanced monitoring, thermal management, load management, and predictive maintenance have 
collectively contributed to improved thermal, electrical, and reliability outcomes for power distribution 
transformers in smart grid environments. 
DISCUSSION 
The discussion has highlighted that the study has produced a coherent empirical story connecting 
smart grid–oriented practices with the thermal, electrical, and reliability performance of power 
distribution transformers. At a broad level, the finding that all four practice dimensions smart 
monitoring and automation, thermal management and cooling, load management and demand 
response, and predictive maintenance have shown moderate-to-strong positive correlations with 
thermal, electrical, and lifespan outcomes has been consistent with the strategic role assigned to 
transformers in smart grid literature (Foros & Istad, 2020). The relatively high mean scores for perceived 
thermal performance (M = 3.84) and reliability outcomes (M = 3.91) have suggested that, in the studied 
environments, smart grid deployments have already been associated with measurable improvements 
in asset behaviour. This has aligned with prior reviews that have argued that transformer performance 
and condition awareness are becoming central pillars of active distribution network operation (Tang et 
al., 2014). At the same time, the data have confirmed that these improvements have not arisen from a 
single “silver bullet,” but from a bundle of practices whose combined effect has been captured in 
regression models explaining 53–60% of the variance in performance indicators. This multi-factor 
perspective has also mirrored empirical failure analyses, which have shown that transformer 
breakdowns tend to emerge from interacting thermal, electrical, and maintenance-related factors rather 
than from isolated design flaws (Singh et al., 2019). 
From a thermal and electrical performance standpoint, the results have reinforced and extended earlier, 
more technical work on transformer loading, cooling, and lifetime modelling. The strong standardized 
effect of thermal management and cooling practices on electrical performance (β = 0.34, p < .001) has 
been consistent with studies that have linked improved cooling geometries, radiator design, and 
loading discipline to lower losses and reduced hot-spot temperatures (Raeisian et al., 2019). Likewise, 
the positive relationships between smart monitoring, thermal management, and perceived thermal 
performance have fit well with thermal–hydraulic and insulation-ageing models that have shown how 
modest reductions in hot-spot temperature can significantly decelerate loss of life (Medina et al., 2017). 
However, whereas earlier work has typically relied on detailed simulations, laboratory experiments, 
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or post-mortem analysis of individual units, the present study has captured organization-level 
perceptions across a larger sample of assets, confirming that the principles demonstrated in controlled 
studies have been perceived as operationally meaningful in practice. The finding that respondents 
have, on average, agreed that losses and voltage behaviour have improved (EP mean = 3.79) under 
more disciplined thermal management has been compatible with loss-analysis studies which have 
shown that harmonic-aware design and derating strategies can mitigate the combined thermal–
electrical burden of modern loads (Maan et al., 2019). In this sense, the study has not contradicted the 
technical literature, but has provided complementary evidence that utilities and industrial operators 
have experienced, at scale, the benefits anticipated by analytical models and standards-based loading 
guides. 

Figure 9: Integrated Discussion Part of The Study 
 

 
 
The role of operational practices particularly load management and demand response in shaping 
transformer thermal performance has also been confirmed and clarified. The significant standardized 
coefficient of load management in predicting thermal performance (β = 0.29, p < .001) has supported 
prior optimization-based work that has treated demand response and load curtailment as tools to avoid 
transformer overloading and extend asset life (Haque et al., 2017). In those studies, transformer ageing 
costs have been embedded directly into objective functions, demonstrating that modest curtailments 
can generate disproportionately large reductions in cumulative loss of life. The present survey-based 
findings have shown that practitioners have perceived similar benefits: organizations that have 
reported higher levels of load management and demand-response activity have also reported fewer 
overheating incidents and more stable temperature profiles. Furthermore, the difference in load 
management scores between mature and recent smart grid adopters (M = 3.71 vs. 3.48, p = .031) has 
echoed building-level and EV-focused studies where thermal-aware control schemes have been 
progressively integrated into operations over time (Hilshey et al., 2013). While earlier work has often 
concentrated on specific use cases such as EV smart charging or HVAC control the current results have 
suggested that, in practice, a broader portfolio of operational levers has been deployed and perceived 
as beneficial. This has extended the literature by indicating that the conceptual relationships between 
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load factor 𝐾(𝑡), hottest-spot temperature 𝜃ℎ(𝑡), and ageing acceleration factor 𝐹𝐴𝐴(𝑡)proposed in 
standards and case-specific models have been reflected in aggregate perceptions across multiple 
utilities and industrial contexts (Daminov et al., 2021). 
The findings on smart monitoring, predictive maintenance, and reliability outcomes have been 
particularly strong and have closely mirrored contemporary trends in condition-based asset 
management. The high mean score for smart monitoring and automation (M = 3.76) and its significant 
regression effects across all performance models have complemented conceptualizations of the “smart 
transformer” as a cyber–physical node with embedded diagnostics and intelligence (Ma et al., 2015). 
Likewise, the dominant role of predictive maintenance in explaining reliability and lifespan outcomes 
(β = 0.38, p < .001; r with RL = .67, p < .001) has been consistent with reviews emphasizing the centrality 
of dissolved gas analysis, health indices, and risk-based maintenance in modern transformer fleets (de 
Faria et al., 2015) have described architectures for online condition monitoring and intelligent asset 
management, the present study has shown that organizations reporting more advanced predictive 
practices have also perceived significantly fewer failures and outages, providing empirical support for 
the effectiveness of these architectures. The strong link between predictive maintenance and reliability 
has also aligned with risk-based frameworks in which probability of failure and health indices are used 
to prioritize interventions (Schijndel et al., 2012). In this sense, the study has not only confirmed prior 
conceptual work, but has provided survey-based evidence that these frameworks, when implemented, 
have been associated with better reliability outcomes at the distribution level. 
These empirical patterns have carried several practical implications for utility leaders, grid architects, 
and cyber–physical security and infrastructure (CISO-type) stakeholders. First, the regression results 
have indicated that investments in predictive maintenance and smart monitoring have yielded the 
largest perceived improvements in reliability and lifespan, suggesting that organizations seeking to 
reduce transformer-related SAIDI and SAIFI should prioritize building robust condition-monitoring 
pipelines and data-driven maintenance policies (Aljohani & Beshir, 2017). Second, the significant role 
of thermal management and cooling in predicting electrical performance has implied that grid 
architects should treat cooling design, loading policies, and harmonic-aware specifications as core 
elements of smart grid planning, not as secondary engineering details (Raeisian et al., 2019). Third, the 
evidence that mature smart grid adopters have reported higher means across almost all practice and 
outcome constructs has suggested that the benefits of smart grid deployment have accumulated over 
time, reinforcing the need for long-term roadmaps rather than short-term pilot projects. For CISOs and 
system architects, the integration of IoT-based monitoring and online diagnostics (Yaman & Biçen, 
2019) has implied that data governance, cyber security, and interoperable platforms must be treated as 
reliability enablers: compromised data integrity or monitoring outages in these systems could 
indirectly degrade transformer reliability by eroding trust in the health indices and forecasts used for 
operational decisions. Overall, the findings have encouraged a holistic operational strategy that has 
combined technical design, operational control, predictive analytics, and governance to enhance 
transformer performance and grid reliability. 
On the theoretical side, the study has contributed to pipeline-style models that have linked operational 
practices, monitoring, and asset-management decisions to quantifiable reliability outcomes for 
transformers in smart grids. The conceptual frameworks developed in the literature review have 
proposed a chain from operational levers (e.g., demand response, dynamic rating) through load factor 
trajectories 𝐾(𝑡), thermal responses 𝜃ℎ(𝑡), and ageing acceleration 𝐹𝐴𝐴(𝑡), to classical loss-of-life and 
probability-of-failure metrics (Medina et al., 2017). The empirical results have supported this chain by 
showing statistically that higher self-reported levels of operational and monitoring practices have been 
associated with better perceived thermal behaviour, electrical performance, and reliability. In 
particular, the strong role of predictive maintenance has reinforced the theoretical proposition that 
health index–based decision rules and risk-based maintenance strategies are critical elements in any 
refined “pipeline” from condition monitoring to reliability outcomes (Schijndel et al., 2012). The 
findings have also suggested that thermal and electrical performance cannot be treated as separate 
theoretical domains; rather, they have jointly mediated the relationship between smart grid practices 
and reliability, echoing integrated performance metrics and lifetime models that consider temperature, 
losses, and moisture as coupled state variables (Shiri et al., 2011). Thus, the study has advanced a more 
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integrated theoretical view: smart grid–oriented transformer management has been best represented 
as a continuous pipeline of data and decisions, in which operational strategies, monitoring intensity, 
and maintenance policies have interacted to shape both short-term performance and long-term failure 
probabilities. 
Despite these contributions, the study has had limitations that must be acknowledged when 
interpreting the findings. The cross-sectional design has meant that all variables including practices 
and performance outcomes have been captured at a single point in time, preventing strong causal 
claims about the directionality of relationships. While the regression models have been consistent with 
the hypothesized causal ordering, it has remained possible that organizations with better reliability 
records have been more likely to invest in advanced practices, rather than the other way around. The 
reliance on self-reported Likert-scale data has also introduced potential biases, such as social 
desirability or optimism in rating organizational practices and performance. Although the high internal 
consistency of the scales has supported their reliability, objective operational and failure data have not 
been directly integrated into the analysis. Additionally, the sample has been limited to eight smart-
grid–enabled organizations, which, while diverse in type and experience, may not fully represent the 
global variety of regulatory contexts, climate conditions, or technology mixes. Finally, the study has 
not explicitly modelled contextual moderators such as regulatory incentives, DER penetration levels, 
or cybersecurity maturity, all of which may shape the effectiveness of smart monitoring and operational 
practices (Fang et al., 2012). These limitations have not invalidated the findings, but they have framed 
them as indicative patterns that should be complemented by further evidence. 
In light of these limitations, several avenues for future research have been suggested by the results. 
Longitudinal studies that have combined survey data with objective operational metrics such as 
measured hot-spot temperatures, DGA results, actual loss-of-life calculations, and recorded failure 
events would allow stronger inferences about how changes in smart grid practices over time have 
influenced transformer performance (Medina et al., 2017). Multi-level models could also be developed 
to explicitly examine how organizational factors (e.g., regulation, market structure, cybersecurity 
posture) moderate the relationship between asset-level practices and reliability outcomes, especially as 
DER and EV penetration continue to grow (Hilshey et al., 2013). Future research might further refine 
the theoretical pipeline by integrating real-time data from IoT monitoring platforms and applying 
machine learning to derive predictive risk scores, while still grounding those models in established 
thermal and reliability theory (Ma et al., 2015). Scenario-based simulations that have co-optimized 
thermal, reliability, and cybersecurity constraints for transformer management could be particularly 
valuable for CISOs and grid architects seeking to design resilient, data-rich asset-management systems. 
Overall, the present study has laid a quantitative foundation for such work by demonstrating that, in 
practice, smart grid–oriented operational, thermal, monitoring, and maintenance strategies have been 
perceived as mutually reinforcing levers for enhancing the thermal and electrical performance and 
reliability of power distribution transformers in smart grid environments. 
CONCLUSION 
The study has set out to investigate how smart grid–oriented operational, thermal, monitoring, and 
maintenance practices have influenced the thermal and electrical performance and reliability of power 
distribution transformers, and it has successfully provided quantitative evidence that these practices 
have been closely and positively associated with improved asset behaviour. Using a quantitative, cross-
sectional, case-study–based design and a structured Likert five-point questionnaire administered to 210 
professionals across eight smart-grid–enabled organizations, the research has captured perceptions of 
implementation levels and performance outcomes and has translated them into measurable constructs 
for statistical analysis. Descriptive results have shown that smart monitoring and automation, thermal 
management and cooling, load management and demand response, and predictive maintenance have 
all been present at moderately high levels, while respondents have reported generally favourable but 
still improvable thermal, electrical, and reliability performance of distribution transformers. 
Correlation analysis has revealed consistently significant and positive relationships between all four 
practice constructs and the outcome variables, indicating that organizations reporting more advanced 
smart grid practices have also perceived fewer overheating incidents, better loss and voltage behaviour, 
and fewer unplanned transformer-related outages. Multiple regression models have further 
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demonstrated that these practices have jointly explained more than half of the variance in thermal, 
electrical, and reliability outcomes, with smart monitoring and load management emerging as 
particularly influential for thermal performance, thermal management and monitoring standing out 
for electrical efficiency, and predictive maintenance exerting the strongest unique effect on reliability 
and lifespan. Additional comparisons between mature and more recent smart grid adopters have 
shown that long-standing deployments have been associated with higher practice scores and better 
performance outcomes, reinforcing the view that the benefits of smart grid transformer management 
have accumulated over time through organizational learning and sustained investment. Collectively, 
these findings have confirmed all four hypotheses formulated at the outset and have met the core 
objectives of the study: to assess current performance levels, to quantify the implementation of smart 
grid–aligned transformer practices, and to identify which practice dimensions have most strongly 
predicted perceived performance enhancement. Conceptually, the results have supported an 
integrated view of power distribution transformers as cyber–physical assets whose hot-spot 
temperatures, loss behaviour, and failure risks have been shaped not only by design and standards, 
but also by ongoing operational strategies, real-time monitoring intensity, and data-driven 
maintenance processes. In practical terms, the research has suggested that utilities and large power 
users who aim to improve transformer performance and extend asset life within smart grid 
environments have benefitted most when they have combined disciplined thermal management and 
load control with robust smart monitoring infrastructures and mature predictive maintenance 
programmes. Overall, the study has contributed a structured empirical picture of how these elements 
have worked together in real organizations to enhance the thermal and electrical performance and 
reliability of power distribution transformers, and it has provided a solid foundation for subsequent, 
more detailed investigations that may couple survey-based evidence with operational and failure data. 
RECOMMENDATION 
Based on the findings of this study, it is recommended that utilities, large industrial users, and smart-
grid planners adopt a coordinated strategy that has treated power distribution transformers as central, 
actively managed assets rather than background hardware. First, organizations should formalize and 
strengthen smart monitoring and automation around transformers by deploying online temperature, 
loading, and oil-condition sensors, integrating dissolved gas analysis where feasible, and ensuring that 
these measurements have been continuously streamed into existing SCADA, DMS, or asset 
management platforms in a standardized format; once in place, monitoring dashboards and alarm 
schemes should be configured so that transformer health indicators and overload risks have been as 
visible to operators as feeder flows and bus voltages. Second, utilities should refine and document 
thermal management and cooling practices by explicitly referencing modern loading guides, defining 
clear internal policies on permissible emergency loading durations, and regularly reviewing cooling 
system condition and performance, especially for units serving high-density or harmonics-heavy loads; 
where repeated high loading or adverse ambient conditions have been observed, investments in 
improved cooling (e.g., radiator refurbishment, fan optimization, or better ventilation) and harmonic-
aware derating should be prioritized. Third, load management and demand response programmes 
should be operationally linked to transformer constraints, so that congestion management, EV charging 
coordination, and building-level demand response have explicitly considered transformer loading 
limits and thermal margins practically, this means adding transformer-specific constraints into demand 
response algorithms and operational procedures, and periodically reviewing whether load-shifting 
strategies have effectively reduced peak transformer stress. Fourth, organizations should accelerate the 
transition from purely time-based to predictive, condition-based maintenance by developing 
transformer health indices, calibrating them with available monitoring data, and using them to drive 
risk-based maintenance plans, refurbishment decisions, and replacement prioritization; maintenance 
teams should be trained to interpret health indices and trend data, and routine work orders should be 
aligned with risk categories rather than fixed intervals alone. Fifth, management should support these 
technical measures with governance and capacity building, including cross-functional working groups 
that have brought together protection engineers, planners, maintenance staff, IT/OT cybersecurity 
experts, and asset managers to review transformer health reports, discuss recurring overloads or faults, 
and agree on coordinated interventions. Finally, it is recommended that organizations adopt a 
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continuous improvement approach, using key performance indicators such as transformer-related 
outage frequency, average loading relative to dynamic ratings, and trends in calculated loss-of-life to 
periodically evaluate whether enhanced monitoring, thermal policies, load management, and 
predictive maintenance have delivered the expected gains, and then refining procedures, data 
integration, and training accordingly; this iterative cycle will help ensure that transformer management 
in smart grids has remained aligned with evolving technologies, operational realities, and reliability 
targets. 
LIMITATIONS 
The present study has had several limitations that need to be acknowledged when interpreting its 
findings and when considering their generalizability beyond the specific context in which the research 
has been conducted. First, the study has employed a cross-sectional survey design, which has captured 
smart grid practices and transformer performance perceptions at a single point in time; as a result, it 
has not been possible to establish definitive causal relationships or to observe how changes in 
operational practices, monitoring intensity, or maintenance strategies have translated into performance 
improvements over months or years. Second, the data set has been based on self-reported perceptions 
collected through Likert’s five-point scale, meaning that all practice and performance constructs have 
reflected respondents’ subjective assessments rather than direct measurements of hot-spot 
temperature, losses, failures, or outage indices. Although the respondents have been experienced 
professionals and the internal consistency of the scales has been high, these perceptions may have been 
influenced by optimism, organizational culture, or incomplete visibility of system-wide performance, 
and common-method variance may have inflated some relationships. Third, the sample has consisted 
of 210 respondents from eight smart-grid–enabled organizations, selected using purposive, non-
probability sampling; while these organizations have offered valuable diversity in terms of roles and 
settings, they may not fully represent the range of grid architectures, regulatory frameworks, climatic 
conditions, and technology maturity present in other regions or countries, so the findings cannot be 
generalized statistically to all utilities or industrial users. Fourth, the study has relied on a single-
informant survey approach, in which one set of respondents has simultaneously rated both practices 
and outcomes, and it has not triangulated these perceptions with independent data sources such as 
SCADA logs, failure statistics, or detailed asset registers; this has limited the ability to validate 
perceived improvements against objective operational and reliability records. Fifth, the constructs and 
items, while grounded in literature, have necessarily simplified complex technical and organizational 
phenomena such as dynamic transformer rating, detailed cooling designs, cybersecurity constraints, 
and risk-based investment decision-making into a manageable number of survey scales, so some 
nuances and context-specific factors will have remained unmodelled. Sixth, the study has not explicitly 
incorporated contextual moderators, such as penetration levels of distributed energy resources, extent 
of EV adoption, regulatory reliability targets, or cybersecurity maturity, even though these factors may 
significantly influence how effective smart monitoring, load management, and predictive maintenance 
can be in particular networks. Finally, because the analysis has focused on perceived thermal, electrical, 
and reliability outcomes at the level of distribution transformers, it has not examined interactions with 
other critical equipment (such as feeders, protection devices, or substation automation systems) or 
quantified broader system-level metrics like SAIDI, SAIFI, or energy-not-served using operational data. 
These limitations have not negated the value of the findings, but they have indicated that the results 
should be interpreted as indicative patterns and relationships that call for further confirmation and 
refinement through longitudinal, multi-source, and more contextually detailed research designs. 
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