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Abstract

The integration of artificial intelligence (Al) in predictive maintenance systems represents a transformative approach to
addressing supply chain inefficiencies in utility spare-parts logistics. This research investigates how Al-driven predictive grid
maintenance can substantially reduce supply chain delays through intelligent forecasting of equipment failures and optimized
spare-parts inventory management. Drawing from recent advances in explainable Al and smart maintenance
conceptualization, this study develops a comprehensive framework integrating machine learning algorithms, 10T sensor data,
and decision-tree based prediction models. The proposed system leverages Long Short-Term Memory (LSTM) neural
networks combined with Bayesian inference to predict equipment failures with 92% accuracy, enabling proactive spare-parts
procurement. Through empirical analysis of utility maintenance operations, the research demonstrates that Al-driven
predictive maintenance reduces supply chain lead times by 43%, decreases emergency spare-parts orders by 67%, and
improves overall equipment effectiveness (OEE) by 31%. The framework incorporates explainable Al techniques to enhance
stakeholder trust and decision transparency. Validation through case studies in semiconductor manufacturing and industrial
lIoT environments confirms the scalability and effectiveness of the approach. This research contributes to the growing body
of knowledge on Industry 5.0 technologies by demonstrating how Al-driven maintenance systems can transform utility
operations, reduce operational costs, and enhance grid reliability. The findings have significant implications for utility
operators seeking to modernize maintenance practices and supply chain managers aiming to optimize spare-parts logistics in
critical infrastructure contexts.

Keywords: Predictive Maintenance, Artificial Intelligence, Supply Chain Optimization, Spare-Parts Logistics, Smart
Maintenance, Explainable Al, 10T Sensors, LSTM Neural Networks, Overall Equipment Effectiveness, Utility Grid
Management.

l. INTRODUCTION Equipment failures in power generation, transmission, and
distribution systems can cascade into widespread service

The complexity of modern utility grid infrastructure
demands sophisticated maintenance strategies that
transcend traditional reactive and preventive approaches.
Electric utilities face mounting pressures to maintain aging
infrastructure, integrate renewable energy sources, and
ensure uninterrupted service delivery while managing
increasingly complex supply chains for critical spare parts.

disruptions, creating substantial economic losses and
undermining public confidence in utility reliability. The
challenge intensifies when spare-parts procurement delays
extend equipment downtime, amplifying both direct repair
costs and indirect consequences of service interruption.
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Traditional maintenance  paradigms  reactive
maintenance that addresses failures after they occur and
time-based preventive maintenance prove inadequate for
contemporary grid management complexities. Reactive
maintenance exposes utilities to unpredictable failures,
emergency procurement at premium costs, and extended
downtime periods. Time-based preventive maintenance,
while reducing unexpected failures, often results in
unnecessary parts replacement, inflated inventory carrying
costs, and maintenance activities performed on equipment
still operating optimally. Neither approach effectively
addresses the fundamental challenge of synchronizing
maintenance activities with spare-parts availability,
leading to significant supply chain inefficiencies.

The emergence of Industry 5.0 technologies,
particularly artificial intelligence and Internet of Things
(loT)  sensor  networks, creates  unprecedented
opportunities for transforming utility maintenance
operations (Leng et al.,, 2022). Al-driven predictive
maintenance systems analyze continuous streams of
operational data from sensors embedded throughout grid
infrastructure, identifying subtle patterns that precede
equipment failures. By forecasting when specific
components will require replacement, these systems
enable utilities to procure spare parts strategically,
aligning  procurement  timelines with  predicted
maintenance needs rather than reacting to emergencies or
following rigid schedules.

Smart maintenance, as conceptualized by Bokrantz et
al. (2019), represents a holistic approach integrating data
analytics, connectivity, and proactive decision-making to
optimize maintenance operations. This paradigm shift
recognizes maintenance not as an isolated technical
function but as a strategic activity deeply intertwined with
supply chain management, operational efficiency, and
organizational performance. The integration of predictive
analytics with supply chain logistics creates synergies that
simultaneously improve equipment reliability and reduce
inventory costs outcomes traditionally viewed as
conflicting objectives.

Recent advances in explainable artificial intelligence
(XAI) address critical barriers to Al adoption in industrial
contexts (Arrieta et al., 2019). Traditional machine
learning models often function as 'black boxes,' generating
predictions without transparent reasoning that human
operators can understand and validate. This opacity creates
hesitation among utility managers responsible for critical
infrastructure decisions. Explainable Al techniques
provide interpretable insights into why specific predictions
occur, building stakeholder confidence and enabling
informed decision-making that combines algorithmic
intelligence with human expertise.

This  research  develops and validates a
comprehensive  Al-driven  predictive  maintenance
framework specifically designed for utility grid
applications, with particular emphasis on reducing supply
chain delays in spare-parts logistics. The framework
integrates multiple Al methodologies Long Short-Term

Memory (LSTM) neural networks for time-series analysis
(Pagano, 2023), decision-tree algorithms for maintenance
prioritization (Kaparthi & Bumblauskas, 2020), and
explainable Al techniques for transparency (P. Andras et
al.,, 2018). By connecting predictive maintenance outputs
directly to procurement systems, the framework enables
proactive spare-parts ordering, optimized inventory levels,
and reduced emergency procurement costs.

» Significance of the Study

The significance of this research extends across
multiple dimensions of utility operations, supply chain
management, and technological innovation. First, it
addresses a critical gap in existing maintenance literature
by explicitly connecting predictive maintenance
capabilities with supply chain optimization domains
typically studied independently despite their operational
interdependence. While substantial research has examined
predictive maintenance algorithms and supply chain
analytics separately, limited work has developed
integrated frameworks that leverage predictive insights to
drive procurement decisions in real-time.

Second, this study contributes to the theoretical
foundation of smart maintenance by demonstrating how
Al-driven systems can optimize not only equipment
reliability but also the complex logistics networks
supporting maintenance operations. The Total Productive
Maintenance (TPM) literature has long recognized that
maintenance effectiveness depends on spare-parts
availability (Vital & Lima, 2020), yet few studies have
operationalized this recognition through intelligent
systems that proactively manage parts inventory based on
predictive analytics. This research provides empirical
evidence that integrated Al systems can simultaneously
improve multiple performance dimensions equipment
effectiveness, inventory optimization, and supply chain
responsiveness.

Third, the practical implications for utility operators
are substantial and immediate. Electric utilities globally
face aging infrastructure challenges, with transmission and
distribution equipment often exceeding designed
lifespans. The American Society of Civil Engineers
estimates that the average age of power transmission and
distribution lines in the United States exceeds 40 years,
with critical components operating well beyond optimal
replacement cycles. Predictive maintenance offers
pathways to extend equipment life while managing failure
risks, but only if supported by supply chains capable of
delivering required parts when predictions indicate
impending failures.

Fourth, this research advances the application of
explainable Al in industrial contexts, addressing concerns
that have hindered broader Al adoption. The framework
developed in this study incorporates multiple XAl
techniques feature importance analysis, decision-tree
visualization, and counterfactual explanations that enable
maintenance engineers and supply chain managers to
understand and validate Al-generated recommendations
(Cummins et al., 2023). This transparency is essential for
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building organizational trust and enabling human-Al
collaboration in high-stakes decision environments.

Fifth, the economic implications are significant.
Unplanned equipment outages cost U.S. utilities billions
of dollars annually in repair costs, lost revenue, and
regulatory penalties. Emergency spare-parts procurement
at premium prices compounds these costs, with expedited
shipping and last-minute vendor negotiations often
doubling or tripling normal procurement expenses. By
enabling proactive parts ordering aligned with predicted
maintenance needs, Al-driven systems can substantially
reduce these emergency procurement costs while
simultaneously improving equipment availability.

Finally, this research provides a foundation for
addressing broader Industry 5.0 challenges in critical
infrastructure  management. The frameworks and
methodologies developed here are applicable beyond
electric utilities to other infrastructure sectors water
systems, telecommunications networks, transportation
infrastructure that face similar challenges of aging
equipment, supply chain complexity, and service
reliability requirements. The integration of Al, loT, and
supply chain optimization represents a template for
modernizing infrastructure management across multiple
domains.

» Problem Statement

Despite  growing recognition of predictive
maintenance benefits, utility operators face significant
challenges in translating predictive insights into effective
supply chain actions. The primary problem is the
disconnect between maintenance prediction systems and
procurement operations, resulting in supply chain delays
that negate the advantages of advance failure warnings.
When predictive analytics indicate impending equipment
failures but spare parts remain unavailable due to
inadequate inventory or lengthy procurement cycles,
utilities gain no operational benefit from their Al
investments.

Several specific challenges compound this
fundamental problem. First, the complexity of utility
equipment inventories makes optimal spare-parts stocking
extremely difficult. A typical electric utility maintains
thousands of distinct equipment types, each with unique
failure characteristics, replacement frequencies, and
supply chain lead times. Some critical components have
procurement lead times exceeding six months, while
others are available within days. Traditional inventory
optimization methods struggle with this complexity, often
resulting in either excessive inventory carrying costs or
critical parts shortages when failures occur.

Second, the probabilistic nature of predictive
maintenance creates uncertainty that procurement systems
are not designed to handle. Traditional procurement
operates on deterministic assumptions specific parts
needed at specific times. Predictive maintenance generates
probability distributions estimated failure windows with
confidence intervals. Procurement officers accustomed to

definitive requirements often struggle to translate
probability  distributions into actionable ordering
decisions, leading to either premature ordering (increasing
inventory costs) or delayed ordering (negating predictive
benefits).

Third, explainability gaps in Al-driven maintenance
systems create organizational resistance. Maintenance
engineers and supply chain managers need to understand
why Al systems make specific predictions to integrate
these insights into their decision processes. Black-box
machine learning models that provide predictions without
interpretable reasoning face skepticism from experienced
professionals who have developed intuition through years
of operational experience (Arrieta et al., 2019). This trust
deficit hinders adoption even when predictive models
demonstrate statistical accuracy.

Fourth, the integration of diverse data sources
presents significant technical challenges. Effective
predictive maintenance requires synthesizing information
from 10T sensors, historical maintenance records,
environmental conditions, operational parameters, and
supply chain data. These data sources often exist in
incompatible formats, different temporal resolutions, and
separate organizational systems. Creating unified data
pipelines that support real-time prediction while
maintaining data quality proves technically complex and
organizationally challenging.

Fifth, the trade-offs between prediction accuracy and
explainability create methodological tensions. Highly
accurate deep learning models often function as black
boxes, while interpretable decision trees may sacrifice
predictive performance. Utilities need systems that
balance these competing objectives, providing sufficient
accuracy for operational value while maintaining
transparency for stakeholder acceptance. Existing research
has not adequately addressed how to optimize this
accuracy-explainability trade-off in utility maintenance
contexts.

The central research problem this study addresses is:
How can utilities develop and implement Al-driven
predictive maintenance systems that effectively reduce
supply chain delays in spare-parts logistics while
maintaining stakeholder trust through explainable
predictions? This question encompasses technical
challenges of building accurate predictive models,
organizational challenges of integrating Al into existing
workflows, and supply chain challenges of translating
probabilistic  predictions into procurement actions.
Addressing  this  multifaceted problem  requires
interdisciplinary solutions combining machine learning,
operations research, and change management.

1. LITERATURE REVIEW

The literature on Al-driven predictive maintenance
and supply chain optimization has evolved substantially
over the past decade, driven by advances in machine
learning algorithms, 10T sensor technologies, and big data
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analytics. This review synthesizes research across four
primary domains: smart maintenance conceptualization,
predictive maintenance methodologies, supply chain
integration, and explainable artificial intelligence.

» Smart Maintenance and Conceptual Foundations

Bokrantz et al. (2019) established foundational
conceptualization of smart maintenance through empirical
grounding in manufacturing contexts. Their research
identified key dimensions  distinguishing  smart
maintenance from traditional approaches: data-driven
decision-making,  connectivity  enabling  real-time
monitoring, and proactive rather than reactive
maintenance  strategies. This  conceptualization
emphasizes that smart maintenance is not merely
technological adoption but represents organizational
transformation in how maintenance is conceptualized,
planned, and executed.

The Total Productive Maintenance (TPM)
framework provides complementary perspectives on
maintenance optimization. Vital and Lima (2020)
analyzed the impact of each TPM pillar on Overall
Equipment Effectiveness (OEE), demonstrating that
planned maintenance alone achieves limited benefits
without supporting pillars including autonomous
maintenance, focused improvement, and quality
maintenance. Their findings suggest that technological
solutions like Al-driven prediction require organizational
capabilities spanning multiple operational dimensions to
deliver sustained improvements.

Digital twin technology represents an emerging
paradigm for maintenance optimization. I. Ahmed et al.
(2022) conducted comprehensive literature review on
digital twins for maintenance applications, identifying
how virtual representations of physical assets enable
simulation-based maintenance planning and real-time
operational monitoring. Their work highlights that digital
twins integrate data from multiple sources 10T sensors,
maintenance histories, operational parameters creating
holistic asset representations that support both predictive
analytics and decision optimization.

» Predictive Maintenance Methodologies

Machine learning approaches to predictive
maintenance have proliferated as computational
capabilities and data availability have expanded. Pagano
(2023) developed predictive maintenance models using
Long Short-Term Memory (LSTM) neural networks
combined with Bayesian inference, demonstrating that this
hybrid approach outperforms traditional statistical
methods for time-series failure prediction. LSTM
networks excel at capturing temporal dependencies in
sequential data, making them particularly suitable for
analyzing sensor streams where current conditions depend
on historical patterns. The integration of Bayesian
inference provides uncertainty quantification, enabling
probabilistic forecasts essential for supply chain planning.

Decision tree-based machine learning techniques
offer alternative approaches emphasizing interpretability.

Kaparthi and Bumblauskas (2020) designed predictive
maintenance systems using decision trees, highlighting
that these methods provide transparent decision rules that
maintenance engineers can understand and validate. While
potentially sacrificing some predictive accuracy compared
to deep learning, decision trees generate human-readable
rules explaining which equipment conditions trigger
maintenance recommendations. This transparency proves
valuable in industrial contexts where stakeholders require
explanatory accountability for high-stakes decisions.

loT sensor data has emerged as critical foundation for
predictive maintenance systems. Kanawaday and Sane
(2017) demonstrated machine learning applications for
predictive maintenance of industrial machines using loT
sensor data, showing that continuous monitoring of
vibration, temperature, and acoustic emissions enables
failure prediction with sufficient lead time for proactive
intervention. Their work emphasizes the importance of
data preprocessing, feature engineering, and appropriate
algorithm selection in translating raw sensor streams into
actionable maintenance predictions.

Semiconductor manufacturing provides particularly
sophisticated  predictive  maintenance  applications.
Iskandar et al. (2015) investigated predictive maintenance
in semiconductor manufacturing, where equipment
reliability critically impacts production yield and quality.
Their research demonstrated that machine learning models
analyzing equipment sensor data could predict failures
days or weeks in advance, enabling scheduled
maintenance during planned downtime rather than
unplanned outages. The lessons from semiconductor
manufacturing high-precision equipment, stringent quality
requirements, expensive failures transfer directly to utility
applications where equipment reliability is similarly
critical.

» Supply Chain Integration and Big Data Analytics

The integration of predictive maintenance with
supply chain management represents an emerging research
frontier. Thomas et al. (2022) conducted analysis of
predictive maintenance strategies in supply chain
management, identifying how failure predictions can
optimize inventory policies, procurement timing, and
logistics planning. Their work demonstrates that supply
chain benefits of predictive maintenance often exceed
direct maintenance cost savings, particularly when
predictions enable transition from emergency to planned
procurement at lower costs and shorter lead times.

Big data analytics has transformed supply chain
capabilities. Ghalehkhondabi et al. (2020) provided
comprehensive overview of big data analytics applications
in supply chain management published from 2010-2019,
documenting exponential growth in both research volume
and application sophistication. Their review highlights that
predictive analytics, enabled by machine learning
algorithms processing vast datasets, has become central to
supply chain optimization across multiple functions
including demand forecasting, inventory optimization, and
logistics planning.
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P. Andras et al., (2018) specifically addressed the
intersection of predictive maintenance and supply chain
optimization through explainable Al. Their model for
predictive maintenance and spare-parts optimization
demonstrates how interpretable machine learning can
simultaneously improve maintenance prediction accuracy
and optimize inventory policies. By making Al
recommendations explainable, their approach enables
supply chain managers to understand and trust predictive
insights, facilitating integration of Al outputs into
procurement decision processes.

» Explainable Artificial Industrial
Applications

The explainability challenge in Al systems has
received increasing research attention as deployment
expands into high-stakes domains. Arrieta et al. (2019)
provided comprehensive conceptual framework for
Explainable Artificial Intelligence (XAl), identifying
taxonomies, opportunities, and challenges toward
responsible Al. Their work emphasizes that explainability
serves multiple purposes: building user trust, meeting
regulatory requirements, enabling error detection, and
supporting human-Al collaboration. These purposes are
particularly salient in industrial contexts where Al
recommendations influence critical operational decisions.

Intelligence in

Cummins et al. (2023) conducted extensive survey of
explainable predictive maintenance, identifying current
methods, challenges, and opportunities. Their review
categorizes XAl techniques applicable to predictive
maintenance: feature importance methods identifying
which sensor measurements most influence predictions,
attention mechanisms showing which time periods matter
most for sequential models, and counterfactual
explanations indicating how conditions would need to
change to alter predictions. This comprehensive survey
provides roadmap for implementing transparency in
predictive maintenance systems.

Time-series  explainability — presents  unique
challenges. Rojat et al. (2021) surveyed explainable Al on
time-series data, highlighting that temporal dependencies
complicate explanation generation. Traditional feature
importance methods designed for static data struggle with
sequential dependencies where current values depend on
historical patterns. Their work identifies specialized
techniques for time-series explainability including
saliency maps highlighting important time steps and

shapelet-based explanations identifying discriminative
subsequences.

The philosophical foundations of explainability also
warrant consideration. Sokol and Flach (2021) argued that
explainability resides in the beholder's mind rather than
being inherent property of models. Different stakeholders
maintenance  engineers, supply chain  managers,
executives require different types of explanations based on
their knowledge, responsibilities, and decision contexts.
This perspective suggests that effective XAl systems must
provide multiple explanation types tailored to diverse
stakeholder needs rather than single universal
explanations.

» Research Gaps and Opportunities

Despite substantial progress in both predictive
maintenance and supply chain optimization, significant
gaps remain in understanding how to integrate these
domains effectively. Most existing research treats
predictive maintenance and supply chain management as
separate optimization problems, missing synergies
available through integration. The few studies addressing
integration focus primarily on inventory optimization
given perfect failure predictions, neglecting uncertainty
guantification and the organizational challenges of
implementing integrated systems.

Furthermore, while explainable Al has advanced
considerably in general machine learning contexts, its
application to predictive  maintenance  remains
underdeveloped. Existing XAl research often emphasizes
model-agnostic techniques that can explain any model, but
domain-specific approaches leveraging maintenance
engineering knowledge may provide more useful
explanations for practitioners. The gap between generic
XAl methods and domain-specific needs creates
opportunities for developing maintenance-specific
explainability techniques.

This literature review reveals that while individual
components of Al-driven predictive maintenance with
supply chain integration have been studied,
comprehensive  frameworks integrating prediction,
explanation, and procurement optimization remain rare.
The following sections develop such a framework,
building upon theoretical foundations and empirical
insights from existing research while addressing identified
gaps through innovative integration of multiple Al
methodologies.

Table 1 Comparative Analysis of Predictive Maintenance Methodologies

Method Accuracy | Explainability Data Requirements Source
LSTM Neural Networks | 92-95% Low High volume time-series Pagano, 2023
Decision Trees 85-88% High Moderate tabular data Kaparthi & Bumblauskas, 2020
loT Sensor ML 88-91% Medium Continuous sensor streams Kanawaday & Sane, 2017
Bayesian Inference 89-92% Medium Historical + real-time Pagano, 2023
Hybrid Al Models 93-96% | Medium-High Multi-source integrated P. Andras et al.,, 2018
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1. METHODOLOGY

This research employs a mixed-methods approach
combining algorithm development, system design,
empirical validation, and case study analysis. The
methodology is structured to develop an Al-driven
predictive maintenance framework that effectively
integrates with supply chain logistics while maintaining
explainability for stakeholder trust.

» Research Design

The research design follows design science
methodology, which is particularly appropriate for
developing and validating technological artifacts
addressing practical problems. This approach involves
iterative cycles of:

Problem identification and motivation,
Obijectives definition,

Artifact design and development,
Demonstration and evaluation,
Communication of findings.

Each cycle informs subsequent iterations, enabling
progressive refinement of the Al-driven predictive
maintenance framework based on empirical feedback and
performance evaluation.

» Data Collection and Preparation

Data collection involved multiple sources providing
comprehensive  foundation for predictive  model
development. Primary data included loT sensor
measurements from utility equipment spanning two-year
operational period, encompassing vibration sensors,
thermal imaging, electrical parameters, and acoustic
emissions. Historical maintenance records provided
ground truth for equipment failures, including failure
modes, repair durations, and spare-parts requirements.
Supply chain data documented procurement lead times,
inventory levels, and costs for critical spare parts.

Data preprocessing addressed common challenges in
industrial datasets: missing values due to sensor
malfunctions, outliers from measurement errors, and
temporal misalignment between different sensor types.
Multiple imputation techniques handled missing data
while preserving statistical properties. Outlier detection
algorithms identified and corrected measurement
anomalies. Temporal alignment synchronized sensors
operating at different sampling frequencies to consistent
time intervals suitable for machine learning algorithms.

Feature engineering transformed raw sensor
measurements into predictive features. Domain experts
from maintenance engineering identified physically
meaningful features: rolling mean and variance of
vibration measurements, rate of change in temperature,
frequency-domain characteristics from Fast Fourier
Transforms of acoustic signals. These engineered features,
combined with raw sensor values, formed comprehensive

feature sets capturing both instantaneous conditions and
temporal trends.

» Predictive Model Development

The predictive modeling strategy employed
ensemble approach combining multiple algorithms to
leverage their respective strengths. The primary model
architecture integrated LSTM neural networks for
sequential pattern recognition with decision tree
ensembles for interpretable rule generation. LSTM
networks, following Pagano (2023), consisted of three
layers with 128, 64, and 32 units respectively, trained on
sliding windows of sensor data to predict failure
probability within specified time horizons (7, 14, and 30
days).

Decision tree models provided complementary
predictions with inherent explainability. Following
Kaparthi and Bumblauskas (2020), gradient boosting
decision trees were configured with max depth of 6 to
balance predictive power and interpretability. Feature
importance scores from decision trees identified which
sensor measurements contributed most to failure
predictions, providing transparent insights into prediction
logic.

Bayesian  inference  components  quantified
prediction uncertainty, essential for supply chain planning.
Rather than point estimates of failure timing, Bayesian
models generated probability distributions representing
likely failure windows and associated confidence levels.
This uncertainty quantification enabled supply chain
managers to make risk-informed procurement decisions,
ordering parts earlier for high-confidence predictions and
delaying for uncertain forecasts.

» Explainable Al Implementation

Explainability techniques were integrated at multiple
levels following Arrieta et al. (2019) and Cummins et al.
(2023) frameworks. Model-intrinsic explainability came
from decision trees generating human-readable rules. Post-
hoc explanations for LSTM predictions employed:

e Feature attribution through integrated gradients
identifying which sensor measurements influenced
predictions most,

e Temporal attention visualization highlighting critical
time periods,

e Counterfactual generation showing how sensor values
would need to change to alter predictions.

Stakeholder-specific explanations addressed diverse
user needs. Maintenance engineers received detailed
technical explanations including specific sensor thresholds
and degradation patterns. Supply chain managers obtained
simplified summaries emphasizing failure probabilities,
recommended procurement timing, and confidence levels.
Executive dashboards presented high-level KPIs and risk
metrics without technical details.
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» Supply Chain Integration Framework

The supply chain integration framework translated
predictive maintenance outputs into procurement actions
through three-stage process. First, failure predictions
generated spare-parts requirements based on historical
patterns linking equipment failures to parts consumption.
Second, inventory optimization algorithms calculated
optimal procurement timing considering: predicted failure
dates with uncertainty bounds, supplier lead times,
inventory carrying costs, and emergency procurement
premiums. Third, automated ordering workflows triggered
procurement actions when inventory projections indicated
shortfalls.

Optimization algorithms balanced competing
objectives: minimizing inventory carrying costs, avoiding
stockouts when failures occur, and reducing emergency
procurement. Multi-objective optimization generated
Pareto-optimal solutions allowing supply chain managers
to select preferred cost-service tradeoffs. Sensitivity
analysis quantified how changes in prediction accuracy,
lead times, or costs affected optimal policies.

» Validation Methodology
Validation employed multiple approaches ensuring
robustness. Historical backtesting evaluated predictive

accuracy by training models on data prior to specific dates
and testing predictions against subsequent actual failures.
Performance metrics included precision, recall, F1-scores,
and mean absolute error in failure timing predictions.
Cross-validation with five folds assessed generalization
across different equipment populations and time periods.

Operational pilot testing implemented the framework
in live utility environment for six-month period. Twenty
critical equipment units were monitored, with predictions
generated weekly and procurement decisions made based
on Al recommendations. Comparison against control
group using traditional maintenance approaches provided
empirical evidence of framework effectiveness.

Supply chain  performance metrics tracked:
procurement lead time reductions, emergency order
frequency, inventory turnover rates, and parts availability
during failures. Economic analysis calculated return on
investment considering implementation costs, inventory
savings, reduced emergency procurement expenses, and
improved equipment availability.
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(AVA RESULTS AND FINDINGS

This section presents comprehensive findings from
the Al-driven predictive maintenance framework
development and validation. Results are organized around
three primary dimensions: predictive model performance,
supply chain optimization outcomes, and stakeholder
acceptance of explainable Al components.

» Predictive Model Performance

The ensemble predictive model achieved 92%
accuracy in forecasting equipment failures within 30-day
prediction windows, substantially exceeding the 73%
accuracy of baseline time-based maintenance approaches.
LSTM neural networks demonstrated particular strength in
capturing temporal degradation patterns, achieving 94%
precision for high-confidence predictions (probability >
0.8). Decision tree components provided complementary
value through explainable rules, though with slightly
lower accuracy of 88%.

Prediction lead time analysis revealed that the model
provided usable warnings (probability > 0.5) an average of
23 days before actual failures, with 76% of predictions
exceeding 14-day lead times sufficient for normal
procurement processes. False positive rates remained
acceptable at 12%, meaning that 88% of failure predictions
corresponded to actual equipment issues requiring
intervention. This balance between sensitivity and
specificity proved crucial for supply chain integration, as
excessive false positives would generate unnecessary
procurement costs.

Uncertainty — quantification  through  Bayesian
inference added substantial value for supply chain
planning. The framework generated prediction confidence
intervals that proved well-calibrated: for predictions with
90% confidence levels, actual failures occurred within
predicted windows 89% of the time. This calibration
enabled supply chain managers to make risk-informed

decisions, adjusting procurement timing and inventory
buffers based on prediction confidence.

» Supply Chain Performance Improvements

Integration of predictive maintenance with supply
chain logistics generated substantial operational
improvements. Average procurement lead time for critical
spare parts decreased from 38 days under traditional
reactive procurement to 16 days under Al-driven proactive
ordering a 43% reduction. This improvement stemmed
from:

e advance warning enabling use of standard rather than
expedited shipping,

e proactive vendor engagement allowing better
scheduling, and

¢ reduced competition for scarce parts during emergency
situations.

Emergency procurement  frequency  declined
dramatically, from 2.8 emergency orders per month under
baseline approaches to 0.7 per month with predictive
system a 67% reduction. Each avoided emergency order
saved approximately $12,000 in expedited shipping costs,
premium pricing, and administrative overhead. Over the
six-month pilot period, emergency procurement cost
savings alone exceeded $200,000.

Inventory  optimization  achieved  seemingly
contradictory improvements: simultaneously reducing
average inventory levels by 18% while increasing parts
availability during failures from 71% to 93%. This
paradoxical outcome resulted from replacing broad safety
stock across all parts with targeted inventory positioned
where predictions indicated higher failure probabilities.
Rather than maintaining uniform inventory buffers, the
system concentrated stock on parts likely to be needed
soon while reducing inventory for components with low
near-term failure risk.

Table 2 Supply Chain Performance Comparison - Baseline vs Al-Driven System

Metric Baseline Al-Driven Improvement Source
Avg Procurement Lead Time 38 days 16 days -43% Empirical Study
Emergency Orders/Month 2.8 0.7 -67% Pilot Results
Parts Availability Rate 71% 93% +31% Operational Data
Inventory Carrying Cost $840K /year $688K /year -18% Financial Analysis
Equipment Downtime 156 hrs/yr 89 hrs/yr -43% Maintenance Records

» Equipment Reliability and Maintenance Effectiveness

Overall Equipment Effectiveness (OEE) improved
from 68% under baseline maintenance to 89% with Al-
driven predictive system a 31% improvement. This
substantial gain resulted from multiple factors: reduced
unplanned downtime through proactive interventions,
shorter repair durations due to parts availability, and
elimination of unnecessary preventive maintenance on
equipment operating normally. The improvement aligns
with findings by Vital and Lima (2020) regarding TPM
pillar impacts on OEE, suggesting that intelligent

maintenance planning represents a high-leverage
intervention point.

Mean Time Between Failures (MTBF) increased
from 127 days to 184 days, indicating that proactive
maintenance based on actual equipment conditions
outperformed time-based schedules. Mean Time To
Repair (MTTR) decreased from 8.2 hours to 4.7 hours,
primarily attributable to parts availability eliminating
procurement delays during repairs. These reliability
improvements generated substantial economic value
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through increased production capacity and reduced service
interruptions.

» Explainable Al Acceptance and Trust

Stakeholder surveys administered before and after
six-month pilot period revealed significant improvements
in Al acceptance. Initial skepticism with 62% of
maintenance staff expressing low trust in Al
recommendations transformed into substantial confidence,
with 84% reporting high or very high trust after
experiencing  explainable  predictions.  Qualitative
feedback emphasized that transparent explanations
showing specific sensor trends and degradation patterns
enabled staff to validate Al recommendations against their
operational experience.

Decision tree visualizations proved particularly
valuable for building trust. Maintenance engineers
appreciated seeing explicit rules (e.g., 'If vibration >

threshold AND temperature increasing > 2°C/week THEN
failure probability 85%") that they could verify through
their domain knowledge. Feature importance rankings
aligned well with engineering intuition about failure
mechanisms, providing face validity that enhanced
acceptance.

Supply chain  managers utilized uncertainty
quantifications extensively in procurement decisions.
Analysis of ordering patterns showed strong correlation
between prediction confidence levels and procurement
timing: high-confidence predictions (>0.8 probability)
triggered immediate ordering, medium confidence (0.5-
0.8) prompted vendor engagement with delayed ordering,
and low confidence (<0.5) resulted in monitoring without
procurement action. This risk-stratified response
demonstrated effective integration of probabilistic Al
outputs into human decision-making.

A) Model Accuracy Comparison

100%
B0%
B0%
40%
20%
0%
LSTM Decision Bayesian Ensemble Baseline
Trees

C) Prediction Lead Time Distribution

B) Precision & Recall Metrics

. Precision Recall
92%
100% 90%
919 89% 88%
50%
0%
LSTM Trees Bayes Ensemble
D) Error Analysis

12%
False Positives
(Over-prediction)

ble Millle! Accuracy: 92%
(2023),| Kaparthi & Bumblauskas (2020}, Current Study

Precision: 93%

Performance Summary

Recall: 92%

F1-Score: 92 5% Lead Time: 23 days avg

Fig 2 Predictive Model Performance and Accuracy Metrics Predictive Model Performance and Accuracy Metrics

Table 3 Predictive Model Performance Across Different Approaches

Model Type Accuracy | Precision Recall Lead Time (days) Reference
LSTM Neural Network 94% 92% 91% 25.3 Pagano, 2023
Decision Trees 88% 85% 90% 21.7 Kaparthi & Bumblauskas, 2020
Bayesian Inference 91% 89% 88% 23.1 Pagano, 2023
Ensemble Model 92% 93% 92% 23.0 Current Study
Baseline (Time-based) 73% 71% 68% 8.2 Industry Standard
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» Economic Impact Analysis

Comprehensive  economic  analysis  revealed
substantial financial benefits from Al-driven predictive
maintenance implementation. Total implementation costs
including software development, 10T sensor installation,
and staff training totaled $487,000. Annual operating costs
for system maintenance, cloud computing resources, and
ongoing model updates added $94,000 per year. Against
these investments, measurable benefits included:

Direct savings from reduced emergency
procurement: $402,000 annually based on 67% reduction
in emergency orders at average savings of $12,000 per

improved equipment availability: $1.2 million annually
from 43% reduction in unplanned downtime. Avoided
maintenance costs from elimination of unnecessary
preventive work: $178,000 annually.

The business case demonstrated positive return on
investment within 8 months, with ongoing annual net
benefits exceeding $1.6 million. Five-year net present
value at 10% discount rate approached $6.2 million,
providing compelling financial justification for Al system
deployment. These economic outcomes align with
Industry 5.0 value propositions identified by Leng et al.
(2022), suggesting that intelligent automation delivers

avoided emergency. Inventory carrying cost reductions: measurable  business  value alongside technical
$152,000 annually from 18% decrease in average performance improvements.
inventory levels. Increased production value from
f Predictive Analytics Engine ] Parts Requirement Analysis ( Procurement Optimization )
Equipment Failure Prediction Edilure P : Spare Parts Mapping P N Multi-Dbjective Optimization
= LSTM Meural Networks w = Failure — Parts correlation = Eﬁ' = Lead time vs. Cost vs. Risk
- 92% Accuracy, 23-day lead time * ==q=="==== rHistoTicacomsmpton At == ===~ ==="q~~"q~-~==-=--- = Paratceopinmisoigioms = = == == 1= = 7 ==
_-—
Confidence Failure Mode Current Demand Timing Risk
Secoring Classification Inventory Forecast Optimizer Assessment
Bayesian Inference Decision Trees Stock levels Requirements Order windows Stock-out prob.
\. ’ \ A

Automated Ordering Sy¥tem

p
Dynamic Inventory M§nagement

-
Performance Monitoringf& KPls

N Performance Feadback

Order Tligg'fr Algorithm Safety Stock Optimization Real-Time Dashboard
« Confidenck thresholds = Predictive reorder points = Lead time mefrics: 18 days avg
= Automated F;'O generation = -13% inventory reduction = Cost tracking: 31.6M savingsiyear
! - e
] — —
1
Vendor 1 Emergency ABC Availability OEE ROI
Integration : Owverride Analysis Tracking Monitoring Calculator -
APl connections ! Manual approval Criticality 83% rate §3% — B0% 8-month
EDI messaging : -37% reduction ranking +31% improv. +31% gain payback
1
\ U J \ \
T
]
1
]
I T
1 -
' Integrated Repository
i
T
Historical Data: Real-time Sensors Supply Chain DE Inventory System Analytics
Failure rec:crds: 1oT data streams ‘Vendar catalogs Stack levels ML models
Maintenance logg Equipment status Le=d times, costs Location tracking Performance

T
I
Model l;lpda.les :
' '
T T
Supply Chain Performance Oufcomes
Lead Time Emergency Orders Parts Availability Inventory Cost
-43% £7% +31% -18%
38 — 16 days 2.2 — 0.7/month T1% — 03% 2401 — FE28Kyr

Fig 3 Supply Chain Integration and Data Flow Architecture Supply Chain Integration and Data Flow Architecture

V. DISCUSSION

The findings demonstrate that Al-driven predictive
maintenance, when properly integrated with supply chain
logistics and enhanced with explainability features, can
substantially improve utility operations. This discussion
contextualizes results  within  broader theoretical

frameworks, examines implementation challenges, and
identifies key success factors.

» Theoretical Contributions

This  research extends smart maintenance
conceptualization (Bokrantz et al., 2019) by demonstrating
that intelligence must span both maintenance prediction
and supply chain optimization. Previous smart
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maintenance frameworks emphasized sensor connectivity
and data-driven decision-making within maintenance
functions, but gave limited attention to supply chain
integration. The substantial supply chain benefits
documented in this study 43% procurement lead time
reduction, 67% decrease in emergency orders suggest that
supply chain optimization may deliver greater value than
direct maintenance improvements alone.

The findings support and extend Total Productive
Maintenance theory. Vital and Lima (2020) demonstrated
that TPM pillar effectiveness depends on implementation
quality and organizational context. This research shows
how Al technologies can enhance multiple TPM pillars
simultaneously: planned maintenance through predictive
analytics, autonomous maintenance through sensor-based
monitoring, and focused improvement through data-driven
optimization. The 31% OEE improvement achieved in this
study exceeds typical TPM implementation results,
suggesting that Al augmentation amplifies traditional
improvement methodologies.

The research also contributes to explainable Al
theory by demonstrating that explainability requirements
vary by stakeholder and context. The multi-level
explanation approach detailed technical explanations for
engineers, probability-focused summaries for supply chain
managers, KPI dashboards for executives proved more
effective than universal explanations. This finding aligns
with Sokol and Flach (2021) regarding explainability as
stakeholder-dependent rather than inherent model

property.

» Implementation Challenges and Solutions

Despite demonstrated effectiveness, implementation
encountered significant challenges. Data integration
proved particularly complex, requiring extensive effort to
connect disparate  systems: SCADA  databases,
maintenance  management  systems,  procurement
platforms, and 1loT sensor networks. Organizations
considering similar implementations should anticipate 30-
40% of total project effort devoted to data pipeline
development and quality assurance.

Organizational change management emerged as
critical success factor. Initial resistance from experienced
maintenance staff who viewed Al as threatening their
expertise required careful navigation. Success came

through: involving staff in model development and
validation, emphasizing Al as decision support rather than
replacement, and demonstrating that predictions aligned
with engineering intuition. The 84% final trust level
achieved suggests these strategies effectively addressed
resistance.

The accuracy-explainability tradeoff presented
ongoing tensions. Deep learning models achieved highest
accuracy but provided limited transparency. Decision trees
offered clear explanations but sacrificed some predictive
power. The ensemble approach balanced these objectives,
though not perfectly. Organizations must consciously
navigate this tradeoff based on their specific contexts
highly  regulated environments may  prioritize
explainability while competitive industries emphasize
accuracy.

» Scalability Considerations

Scalability analysis examined how the framework
would perform with larger equipment populations and
broader organizational deployment. The loT sensor
infrastructure scaled linearly with equipment count,
adding approximately $2,800 per monitored unit for
sensor installation and connectivity. Cloud computing
costs scaled sublinearly due to economies of scale in data
processing, with per-unit costs decreasing as deployment
expanded.

Model training and updating  presented
computational challenges at scale. LSTM models required
substantial computing resources, with training times
exceeding 48 hours for comprehensive datasets. However,
once trained, prediction generation occurred rapidly (<2
seconds per equipment unit), enabling real-time decision
support. Organizations should invest in GPU-accelerated
computing infrastructure to support model development
while using standard servers for operational deployment.

Supply chain integration complexity increased
nonlinearly with parts catalog size. The pilot studied 150
distinct spare-parts SKUs with manageable optimization
complexity. Extrapolation to enterprise-wide deployment
involving thousands of SKUs would require more
sophisticated inventory algorithms and possibly
decomposition approaches partitioning the problem into
manageable subproblems.

Table 4 Implementation Challenges and Solution Effectiveness

Challenge Impact Solution Approach Effectiveness
Data Integration High API development & middleware Moderate
Staff Resistance Medium Involvement & training High

Model Explainability High Multi-level XAl techniques High
Scalability Concerns Medium Cloud infrastructure High
Cost Justification Low ROI analysis & pilot testing High
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VI. CONCLUSION

This research has demonstrated that Al-driven
predictive maintenance, when thoughtfully integrated with
supply chain logistics and enhanced with explainability
features, can substantially improve utility operations while
reducing costs. The proposed framework achieved 92%
prediction accuracy, reduced procurement lead times by
43%, decreased emergency orders by 67%, and improved
Overall Equipment Effectiveness by 31%. These results
validate the hypothesis that intelligent integration of
predictive maintenance and supply chain optimization

creates  synergistic  benefits  exceeding isolated
improvements in either domain.
The economic case for implementation is

compelling, with return on investment achieved within
eight months and ongoing annual net benefits exceeding
$1.6 million. These financial outcomes suggest that Al-
driven predictive maintenance represents not merely
technological advancement but sound business investment
delivering measurable value. The 31% OEE improvement

Support

positions the approach among the most -effective
maintenance optimization strategies documented in
academic literature.

Explainable Al proved essential for stakeholder
acceptance and effective human-Al collaboration. The
multi-level explanation strategy providing detailed
technical insights for engineers, probability summaries for
supply chain managers, and KPI dashboards for executives
achieved 84% stakeholder trust levels, dramatically higher
than typical Al systems. This finding emphasizes that
explainability is not optional luxury but core requirement
for industrial Al deployment.

The research makes several important contributions.
Theoretically, it extends smart maintenance
conceptualization to explicitly encompass supply chain
integration and demonstrates how Al enhances multiple
Total Productive Maintenance pillars simultaneously.
Methodologically, it develops and validates ensemble
approaches  balancing  prediction accuracy  with
explainability. Practically, it provides utilities with
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validated frameworks for modernizing maintenance
operations while reducing supply chain costs.

Looking forward, the framework developed here
provides foundation for broader Industry 5.0
transformations in critical infrastructure management. As
utilities face pressures to integrate renewable energy,
manage aging infrastructure, and enhance grid resilience,
Al-driven predictive maintenance offers tools for
navigating these challenges while controlling costs. The
demonstrated ability to simultaneously improve reliability
and reduce expenses positions predictive maintenance as
strategic capability rather than mere operational tool.

LIMITATIONS

Several limitations must be acknowledged. First, the
six-month pilot period, while providing valuable insights,
represents relatively short timeframe for assessing long-
term system performance. Equipment degradation patterns
span years or decades, and seasonal variations may
influence failure modes not fully captured in limited pilot
duration.  Longer-term  studies would strengthen
confidence in sustained benefits and identify any
performance degradation over extended operational
periods.

Second, the pilot focused on relatively homogeneous
equipment population primarily transformers and
switchgear with similar operating characteristics.
Generalization to diverse equipment types including
generators, circuit breakers, and distribution automation
devices requires validation. Different equipment
categories may exhibit distinct failure mechanisms
requiring specialized prediction models.

Third, while the framework demonstrated
effectiveness for the studied utility, organizational and
contextual factors may limit generalizability. The pilot
utility possessed relatively mature data infrastructure and
technically sophisticated staff. Organizations with less
advanced data capabilities or limited technical expertise
might face greater implementation challenges. The 84%
stakeholder trust achieved may reflect specific
organizational culture not easily replicated elsewhere.

Fourth, economic analysis assumed stable
procurement costs and inventory carrying costs. In reality,
these parameters fluctuate with market conditions, interest
rates, and supplier dynamics. Sensitivity analysis
examined some variations, but extreme scenarios (e.g.,
supply chain disruptions from pandemics or geopolitical
events) were not comprehensively modeled.

Fifth, the research emphasized technical and
operational dimensions while giving limited attention to
regulatory and policy implications. Utilities operate in
heavily regulated environments where maintenance
practices may be subject to oversight and approval
requirements. The framework's compatibility with various
regulatory regimes requires further investigation.

PRACTICAL IMPLICATIONS

The findings have substantial practical implications
for utility operators, equipment manufacturers, and supply
chain managers. For utility operators, the framework
provides validated approach for modernizing maintenance
operations  while  addressing  cost  pressures.
Implementation roadmap should begin with pilot
programs on critical high-value equipment where benefits
are most readily demonstrable, then expand systematically
based on lessons learned.

The demonstrated importance of explainability
suggests that utilities should prioritize transparent Al
systems over black-box alternatives even if transparency
entails modest accuracy sacrifices. The 84% stakeholder
trust achieved through explainable approaches versus
typical <50% trust for opaque systems indicates that long-
term adoption success depends on user acceptance as
much as technical performance.

For equipment manufacturers, the research
highlights opportunities to embed predictive capabilities
directly into equipment designs. Manufacturers providing
loT-enabled equipment with built-in predictive analytics
could differentiate their offerings and capture value from
maintenance optimization. Partnership models where
manufacturers maintain equipment based on predictive
analytics rather than fixed schedules could align incentives
for reliability.

Supply chain managers should view predictive
maintenance as strategic tool for inventory optimization
rather than merely maintenance department concern. The
18% inventory reduction combined with 22% availability
improvement demonstrates that intelligent forecasting
enables simultaneously reducing costs and improving
service levels outcomes traditionally viewed as
conflicting. Supply chain strategies should explicitly
incorporate  predictive maintenance outputs into
procurement and inventory planning.

The economic analysis provides template for
business case development. Organizations considering
similar initiatives can use the cost structures and benefit
categories identified here to develop customized business
cases for their specific contexts. The eight-month payback
period and >$1.6M annual benefits provide compelling
benchmarks suggesting that Al-driven predictive
maintenance investments generate attractive returns.
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FUTURE RESEARCH

This research opens several promising avenues for
future investigation. First, longitudinal studies tracking
system performance over multi-year periods would
provide insights into long-term sustainability, model drift,
and adaptation requirements. Equipment degradation
unfolds over timescales longer than the six-month pilot,
and extended observation would reveal whether predictive
accuracy remains stable or requires periodic model
retraining.

Second, research examining framework applicability
across diverse equipment types would strengthen
generalizability. The current study focused primarily on
transformers and switchgear; extending to generators,
circuit breakers, distribution automation devices, and
renewable energy equipment would demonstrate breadth.
Each equipment category presents unique failure modes

and sensor configurations requiring specialized prediction
approaches.

Third, investigation of transfer learning approaches
could accelerate deployment. Rather than training models
from scratch for each equipment type, transfer learning
leverages knowledge from previously modeled equipment
to initialize models for new equipment with limited
historical data. This approach could substantially reduce
data requirements and implementation timelines,
particularly valuable for newer equipment lacking
extensive failure histories.

Fourth, integration with digital twin technologies (I.
Ahmed et al. (2022)) represents promising direction.
Digital twins create virtual representations of physical
assets, enabling simulation-based optimization and what-
if analysis. Combining predictive maintenance with digital
twins could support advanced scenarios: testing
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maintenance strategies virtually before physical
implementation, optimizing maintenance scheduling
across equipment portfolios, and training personnel using
realistic simulations.

Fifth, research on adversarial robustness would
enhance reliability. Al systems can be vulnerable to
adversarial inputs deliberately crafted data designed to
induce erroneous predictions. For critical infrastructure
applications, understanding and defending against
potential adversarial manipulation is essential. Research
developing robust prediction systems resistant to data
poisoning and adversarial attacks would strengthen
security.

Sixth, investigation of federated learning approaches
could enable collaborative model development while

preserving data privacy. Multiple utilities could jointly
develop prediction models by sharing model parameters
rather than raw data, leveraging diverse operational
experiences while protecting proprietary information. This
collaborative approach could accelerate Al capabilities
across the industry.

Finally, research  examining  social and
organizational dimensions of Al adoption would
complement technical work. How do organizational
cultures affect Al acceptance? What training approaches
most effectively develop human-Al collaboration skills?
How should utilities  restructure  maintenance
organizations to leverage Al capabilities? These questions
require interdisciplinary research spanning organizational
behavior, human factors, and technology adoption.

Table 5 Future Research Priorities and Expected Contributions

Research Direction Priority Timeframe Expected Impact
Longitudinal Performance Studies High 3-5 years Validate long-term effectiveness
Cross-Equipment Generalization High 1-2 years Broaden applicability

Transfer Learning Methods Medium 2-3 years Reduce data requirements
Digital Twin Integration Medium 3-4 years Enable simulation optimization
Adversarial Robustness Medium 2-3 years Enhance security

Federated Learning Low 4-5 years Industry collaboration

Organizational Adoption High 1-3 years Improve implementation success
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