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Abstract

The increasing deployment of hydrogen as a clean energy carrier has intensified the need for reliable, safe, and
cost-effective maintenance strategies for stationary hydrogen storage and distribution infrastructure. This study
systematically reviewed the application of artificial intelligence (Al)-driven predictive maintenance technologies
in hydrogen pipelines, storage vessels, compressors, valves, sensors, and integrated SCADA/PLC environments,
while also examining implications for infrastructure reliability and operational safety. A quantitative systematic
review methodology was employed to synthesize evidence from 126 eligible studies published between 2014 and
2025. Data were extracted and analyzed using descriptive statistics, comparative performance analysis,
correlation analysis, regression modeling, independent-sample t-tests, and one-way ANOVA. The review
evaluated machine learning, deep learning, anomaly detection, and hybrid predictive maintenance frameworks
using performance indicators including failure detection accuracy, remaining useful life estimation, downtime
reduction, maintenance cost optimization, asset availability improvement, and anomaly detection reliability.
The findings demonstrated that Al-driven predictive maintenance significantly improved infrastructure
performance across all hydrogen asset categories. Compressor systems achieved the highest failure detection
accuracy (94.6%), followed by pipelines (93.2%), while predictive maintenance reduced operational downtime
by up to 34.7% and maintenance costs by as much as 29.8%. Hybrid analytical frameworks produced the
strongest predictive performance, achieving a mean accuracy of 96.2%, followed by transformer-based models
(95.4% ) and long short-term memory networks (94.8%). Regression analysis indicated that SCADA- and PLC-
derived variables explained approximately 73% of the variance in predictive maintenance outcomes (R? = 0.73,
p < 0.001), with vibration monitoring quality (f = 0.43), pressure monitoring consistency (f = 0.38), and
compressor current reliability (f = 0.35) emerging as the most influential predictors. Studies utilizing high-
quality operational datasets achieved anomaly detection accuracies of 94.8%, compared with 86.9% for lower-
quality datasets.
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INTRODUCTION

Hydrogen has emerged as one of the most strategically important energy carriers in the global
transition toward low-carbon energy systems. Defined as the lightest and most abundant chemical
element in the universe, hydrogen functions as a versatile energy vector capable of supporting
industrial production, transportation, electricity generation, and long-duration energy storage (Widera,
2020). International organizations have increasingly recognized hydrogen as a critical component of
decarbonization strategies because it can facilitate the integration of renewable energy resources while
reducing greenhouse gas emissions across difficult-to-electrify sectors

Figure 1: Al-driven predictive maintenance for hydrogen infrastructure
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The growing deployment of hydrogen technologies has stimulated substantial investments in
stationary hydrogen storage facilities, compression stations, transmission pipelines, and distribution
networks. Stationary hydrogen storage infrastructure refers to fixed facilities designed to store
hydrogen in compressed, liquefied, or chemical carrier forms before transportation and end-use
distribution. Distribution infrastructure encompasses pipelines, compressors, valves, pressure-
regulation systems, metering stations, and safety control mechanisms responsible for delivering
hydrogen from production sites to consumers. As hydrogen deployment expands globally, ensuring
the reliability, safety, and operational efficiency of these assets has become a major engineering and
policy concern (Widera, 2020). The unique physical properties of hydrogen, including its low molecular
weight, high diffusivity, wide flammability range, and susceptibility to material degradation processes
such as hydrogen embrittlement, create complex operational risks that differ substantially from those
associated with conventional natural gas systems. These challenges necessitate advanced monitoring
and maintenance strategies capable of identifying potential failures before catastrophic events occur.
Traditional maintenance approaches have relied primarily on corrective and preventive maintenance
frameworks in which interventions are scheduled based on time intervals or after failures become
evident. Such approaches often result in unplanned downtime, increased operational costs, inefficient
resource allocation, and elevated safety risks. The digital transformation of industrial infrastructure has
introduced opportunities for predictive maintenance, a data-driven methodology that utilizes
operational information to forecast equipment degradation and failure probabilities (Moore & Shabani,
2016). Predictive maintenance combines sensor technologies, industrial automation systems, and
advanced analytical models to support condition-based decision-making. The increasing availability of
operational data from industrial facilities has accelerated the integration of artificial intelligence (AI)
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techniques into maintenance programs, enabling organizations to process large volumes of
heterogeneous information and identify patterns associated with equipment deterioration. Within
hydrogen infrastructure, Al-driven predictive maintenance has gained significance because of its
potential to enhance reliability, reduce maintenance expenditures, improve asset utilization, and
strengthen safety performance across critical energy systems (Moradi & Groth, 2019).

Artificial intelligence represents a broad collection of computational methodologies designed to
simulate aspects of human cognition through learning, reasoning, classification, optimization, and
prediction. Within industrial environments, Al has evolved into a foundational technology supporting
operational excellence, automation, and intelligent decision-making (Trappey et al.,, 2015). The
integration of Al into asset management emerged from advancements in machine learning, deep
learning, statistical pattern recognition, neural networks, expert systems, and anomaly detection
algorithms capable of analyzing complex operational datasets. Industrial asset management
encompasses the systematic planning, operation, maintenance, and optimization of physical assets
throughout their lifecycle. As industrial facilities become increasingly digitized, asset management
practices have shifted from reactive approaches toward data-centric frameworks that leverage
continuous monitoring and analytical intelligence. Predictive maintenance constitutes one of the most
influential applications of Al in industrial settings because equipment failures frequently generate
substantial economic losses, production interruptions, environmental hazards, and safety incidents
(Hastings, 2015). Al algorithms can process historical maintenance records, sensor measurements,
vibration signatures, acoustic signals, pressure readings, temperature fluctuations, and operational
parameters to identify hidden relationships associated with equipment degradation. Through
supervised and unsupervised learning techniques, Al systems can classify abnormal operating
conditions, estimate remaining useful life, detect anomalies, and forecast failure events before they
become operationally significant. The industrial significance of Al-driven predictive maintenance
extends across manufacturing, power generation, oil and gas operations, chemical processing,
transportation networks, and critical infrastructure systems (Liao & Ahn, 2020). The increasing
complexity of industrial processes has generated large-scale datasets that exceed the analytical
capabilities of conventional maintenance methodologies. Al enables organizations to transform these
datasets into actionable intelligence supporting maintenance prioritization and risk-informed decision-
making. In hydrogen storage and distribution environments, the ability to identify subtle operational
anomalies is particularly valuable because equipment failures may lead to hydrogen leakage, pressure
excursions, infrastructure degradation, and potential safety incidents. Advanced Al architectures can
continuously learn from operational environments and adapt to evolving equipment conditions,
enhancing prediction accuracy over time. The application of Al within industrial maintenance also
aligns with broader Industry 4.0 initiatives emphasizing cyber-physical systems, digital twins,
industrial internet of things (IloT) technologies, cloud computing, and real-time analytics (Hampapur
et al.,, 2011). These developments have positioned Al-driven predictive maintenance as a central
component of modern infrastructure management strategies aimed at maximizing reliability, safety,
and operational efficiency while minimizing maintenance-related disruptions and lifecycle costs.
Supervisory Control and Data Acquisition (SCADA) systems constitute the primary technological
backbone of modern industrial monitoring and control environments. SCADA refers to integrated
hardware and software architectures designed to collect, process, visualize, and manage real-time
operational data from geographically distributed assets. These systems facilitate centralized oversight
of industrial processes through communication networks that connect sensors, controllers, human-
machine interfaces, and enterprise-level management platforms (Ramea, 2019). The widespread
adoption of SCADA technology has transformed the operation of critical infrastructure sectors
including energy transmission, water distribution, manufacturing, transportation, and pipeline
networks. Within hydrogen storage and distribution systems, SCADA platforms provide continuous
visibility into operational parameters such as pressure, temperature, flow rate, compressor
performance, storage vessel conditions, valve positions, leak detection signals, and emergency
shutdown mechanisms. The ability to monitor these variables in real time is essential because hydrogen
infrastructure often operates under high-pressure conditions and requires strict adherence to safety
requirements (Gonzélez et al., 2017).
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Figure 2: Hydrogen infrastructure workflow and process diagram
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SCADA architectures typically consist of field instrumentation, communication channels, remote
terminal units, programmable logic controllers, central servers, databases, and visualization
dashboards that collectively support operational awareness and control. The evolution of digital
technologies has expanded SCADA functionality beyond simple monitoring and control applications
toward advanced analytics and intelligent decision-support systems. Modern SCADA environments
generate extensive datasets that capture equipment behavior across operational lifecycles, creating
valuable information resources for predictive maintenance initiatives. These datasets enable Al
algorithms to identify patterns associated with degradation processes, operational inefficiencies, and
emerging failure modes. The integration of predictive maintenance capabilities into SCADA
environments allows maintenance activities to be scheduled based on actual equipment condition
rather than predetermined intervals (Westerwaal et al., 2014). This transition supports more efficient
resource utilization and enhances infrastructure reliability. The importance of SCADA systems within
hydrogen infrastructure is amplified by increasing investments in hydrogen hubs, transmission
corridors, storage terminals, and industrial decarbonization projects. As hydrogen networks expand in
scale and complexity, the volume and diversity of operational data continue to increase, creating new
opportunities for intelligent analytics and automated maintenance planning. SCADA-generated
information serves as the foundational data source supporting machine learning applications, anomaly
detection systems, and predictive risk assessment models designed to strengthen operational
performance and safety management across hydrogen storage and distribution assets (Pfeiffer et al.,
2016).

The primary objective of this study is to systematically examine and quantitatively synthesize the
existing body of literature on Al-driven predictive maintenance applications in stationary hydrogen
storage and distribution infrastructure, with a specific focus on the integration of Supervisory Control
and Data Acquisition (SCADA) systems and Programmable Logic Controllers (PLCs). As hydrogen
increasingly emerges as a strategic energy carrier within global decarbonization initiatives, the
reliability and safety of storage and distribution assets have become critical concerns for infrastructure
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operators, regulators, and policymakers. This study aims to evaluate how artificial intelligence
techniques, including machine learning, deep learning, anomaly detection, and predictive analytics,
are being utilized to process operational data generated from SCADA and PLC environments to detect
equipment degradation, predict failures, optimize maintenance scheduling, and enhance asset
performance. Furthermore, the review seeks to identify the principal infrastructure components
addressed within the literature, including pipelines, compressors, storage vessels, valves, sensors, and
pressure-regulation systems, while quantitatively assessing reported outcomes related to maintenance
effectiveness, operational reliability, downtime reduction, fault prediction accuracy, and safety
performance. Another objective is to investigate the technological architectures and data acquisition
frameworks that facilitate predictive maintenance implementation within hydrogen infrastructure,
emphasizing the role of industrial automation systems in generating high-quality operational datasets
for Al-based analysis. The study also aims to evaluate the methodological characteristics of existing
research, including analytical models, performance metrics, validation techniques, and data sources
used to assess predictive maintenance effectiveness. In addition, this review seeks to explore the
relationship between intelligent maintenance technologies and infrastructure risk management by
examining how predictive analytics contributes to the identification of operational anomalies,
equipment deterioration mechanisms, and safety-critical events associated with hydrogen storage and
distribution operations. A further objective is to analyze the implications of Al-enabled predictive
maintenance for U.S. pipeline safety policy by assessing how emerging digital monitoring and
maintenance approaches align with regulatory priorities concerning infrastructure integrity, risk
reduction, operational transparency, and public safety. Through a comprehensive quantitative
synthesis of the available evidence, this study aims to establish a structured understanding of the
current state of knowledge regarding Al-driven predictive maintenance in hydrogen infrastructure and
the broader significance of SCADA /PLC-integrated intelligence for safe and reliable hydrogen energy
systems.

LITERATURE REVIEW

The literature review section of this quantitative systematic review is designed to establish a structured
scholarly foundation for examining Al-driven predictive maintenance in stationary hydrogen storage
and distribution infrastructure. This section should begin by positioning hydrogen infrastructure as a
data-intensive and safety-critical energy system that requires advanced monitoring, control, and
maintenance strategies. Because stationary hydrogen assets operate through interconnected storage
vessels, compressors, valves, sensors, pipelines, pressure-control units, SCADA platforms, and PLC-
based automation systems, the literature review should synthesize how existing studies define
infrastructure reliability, equipment degradation, fault prediction, and maintenance optimization in
this context (Parvizsedghy et al., 2015). The section should also explain how artificial intelligence has
expanded predictive maintenance from traditional schedule-based inspection toward quantitative,
condition-based, and risk-informed maintenance models. Special attention should be given to studies
that report measurable performance indicators such as prediction accuracy, mean time between
failures, downtime reduction, false alarm rate, remaining useful life estimation, anomaly detection
precision, maintenance cost reduction, and leak or fault identification rates. The literature review
should further examine how SCADA and PLC systems generate operational data streams that support
machine learning, deep learning, and statistical forecasting models. In addition, this section should
connect the technical literature on Al-based infrastructure monitoring with U.S. pipeline safety policy
by reviewing how predictive analytics may support integrity management, leak detection, incident
prevention, regulatory compliance, and risk-based inspection (Igbal et al., 2017). Therefore, the
literature review should not merely summarize prior studies but should organize them into thematic
and quantitative categories that directly support the study’s objective, variables, and analytical
framework.

Stationary Hydrogen Storage and Distribution Infrastructure

Stationary hydrogen storage and distribution infrastructure represents the physical and operational
framework responsible for storing, managing, and transporting hydrogen from production facilities to
industrial, commercial, and energy end users. The literature consistently characterizes this
infrastructure as a complex network of interconnected mechanical, electrical, and digital systems
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designed to ensure safe containment and controlled movement of hydrogen under varying operational
conditions (Reufs et al., 2019). Scholars have emphasized that stationary hydrogen systems differ
substantially from conventional fuel distribution networks because hydrogen possesses unique
physicochemical characteristics that require specialized containment materials, pressure management
technologies, and safety mechanisms. The core infrastructure commonly includes high-pressure
storage vessels, compressors, transmission pipelines, pressure regulators, metering equipment, valves,
leak detection devices, and integrated control networks that collectively facilitate reliable operation.
Existing studies indicate that storage facilities frequently operate across a wide range of pressure
conditions depending on storage technology and application requirements, making pressure stability
a critical operational parameter. Researchers have also highlighted the importance of maintaining
consistent flow rates and controlled distribution pathways to prevent operational inefficiencies and
equipment stress. The expansion of hydrogen economies in North America, Europe, and Asia has
accelerated investments in dedicated storage terminals and pipeline networks, increasing the
complexity of infrastructure management (Shabani & Andrews, 2015). Consequently, literature has
increasingly focused on the need for comprehensive infrastructure characterization that incorporates
physical asset attributes, operational performance indicators, and system reliability measures.
Investigations into infrastructure architecture have demonstrated that the integration of mechanical
assets with digital monitoring platforms enables more effective supervision of hydrogen operations
(Golam & Amir, 2022; Abdur & Iftekhar, 2021). Studies examining industrial hydrogen facilities have
reported that infrastructure performance is strongly influenced by asset condition, component
compatibility, operational workload, and environmental exposure. These findings have established
stationary hydrogen storage and distribution systems as critical energy assets requiring advanced
maintenance and monitoring strategies to sustain reliability, operational continuity, and safety
performance throughout their service life (Lai et al., 2015).

The literature identifies high-pressure storage vessels and pipeline networks as the foundational
components of stationary hydrogen infrastructure, serving as the primary mechanisms for hydrogen
containment and transportation. Research has extensively examined the operational characteristics of
these assets, particularly their ability to withstand fluctuating pressures, variable demand conditions,
and long-term material degradation. High-pressure storage systems are designed to maintain
hydrogen in compressed states that support efficient storage density while ensuring structural integrity
under demanding operational environments (Chen et al., 2016).

Figure 3: Hydrogen infrastructure component diagram
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Studies have documented the influence of pressure variability on vessel performance, noting that
repeated loading and unloading cycles contribute to mechanical stress accumulation over time.
Similarly, hydrogen pipelines have been recognized as essential distribution assets that facilitate the
movement of hydrogen across industrial clusters, storage facilities, and end-user locations. Literature
examining pipeline performance has focused on operational pressure stability, flow variability,
transport efficiency, and integrity management practices (Hossain & Uddin, 2022; Sany & Siful, 2022).
Researchers have reported that pipeline operating conditions frequently fluctuate due to changing
consumption patterns, compressor activity, and network balancing requirements, creating dynamic
environments that require continuous monitoring. The interaction between hydrogen and pipeline
materials has also received considerable attention because material degradation mechanisms may
affect long-term infrastructure reliability. Investigations into infrastructure performance have revealed
that factors such as asset age, maintenance history, operational intensity, and environmental conditions
significantly influence equipment durability and operational effectiveness (Chen et al., 2020; Binte &
Iftekhar, 2022; Taufiqur & Khalid, 2022). In addition, studies have highlighted the importance of
monitoring flow consistency and pressure regulation to minimize operational disruptions and improve
system efficiency. The literature further indicates that expanding hydrogen distribution networks are
increasing the scale and complexity of pipeline operations, generating larger volumes of operational
data that can be used to assess infrastructure health. Collectively, these studies demonstrate that high-
pressure storage systems and pipeline networks represent critical components whose performance
characteristics provide essential indicators for evaluating reliability, maintenance requirements, and
overall infrastructure sustainability (Atuonwu & Tassou, 2018; Iftekhar & Binayan, 2023; Hasan &
Chapal, 2023).

Compressors, valves, pressure regulators, and metering units constitute essential operational
components within stationary hydrogen storage and distribution infrastructure, supporting the
controlled movement, measurement, and management of hydrogen throughout the network. The
literature consistently identifies compressors as among the most critical and maintenance-intensive
assets because they facilitate hydrogen pressurization and transportation across storage and
distribution systems. Studies have reported that compressor performance directly influences system
efficiency, operational continuity, and energy consumption, making compressor reliability a central
concern within hydrogen infrastructure management (Mahmuda, 2023; Aminul & Sheak, 2023;
Shakhawat et al., 2023). Valves and regulators perform equally important functions by controlling flow
direction, maintaining pressure stability, and ensuring operational safety during routine and
emergency conditions (Guo et al., 2017). Researchers have observed that valve degradation, actuator
wear, and regulator malfunction can contribute to performance instability and increase the likelihood
of operational disruptions. Consequently, numerous studies have emphasized the need for continuous
monitoring of these components to identify signs of deterioration before failures occur. Metering
systems provide accurate measurement of hydrogen volumes, flow conditions, and distribution
performance, supporting operational decision-making and network optimization (Risha & Khalid,
2023; Hossain & Binayan, 2023). Literature examining infrastructure management practices indicates
that measurement accuracy is essential for maintaining operational efficiency and ensuring regulatory
compliance. Equipment age has emerged as a frequently investigated factor affecting the reliability of
compressors, valves, regulators, and metering units (Binayan, 2024; Gu et al., 2019; Sany & Uddin,
2023). Older infrastructure assets often exhibit higher maintenance requirements and greater
susceptibility to performance degradation due to cumulative wear and prolonged operational
exposure. Studies have also examined inspection frequencies and maintenance intervals, finding strong
associations between regular inspection practices and improved equipment reliability. These findings
underscore the importance of understanding the functional interactions among critical infrastructure
components and highlight the need for integrated monitoring approaches capable of supporting
effective asset management across hydrogen storage and distribution environments (Khalid, 2024;
Mahmuda, 2024; Rojek & Studzinski, 2019).

Leak detection technologies and control networks have become increasingly important elements of
stationary hydrogen storage and distribution infrastructure due to the safety-sensitive nature of
hydrogen operations. The literature consistently emphasizes that hydrogen’s high diffusivity and low
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ignition energy require rapid identification of abnormal conditions to prevent operational incidents
and maintain infrastructure integrity. Leak detection systems are designed to monitor environmental
and operational indicators associated with unintended hydrogen releases, enabling operators to
respond quickly to emerging hazards (Boaz et al., 2014; Arifur & Haque, 2024; Sany, 2024). Studies have
documented the effectiveness of advanced sensing technologies in improving situational awareness
and supporting safety management practices across storage and distribution facilities. Alongside leak
detection systems, control networks provide the communication and decision-making architecture
necessary for coordinating infrastructure operations. Researchers describe these networks as integrated
environments that connect sensors, controllers, supervisory systems, and operational databases to
facilitate real-time monitoring and process control (Binayan, 2025; Chapal, 2025). The literature
indicates that infrastructure reliability is increasingly assessed through continuous data collection and
performance evaluation rather than relying solely on periodic inspections. Variables such as failure
occurrence, alarm frequency, equipment condition indicators, operational anomalies, and maintenance
records are commonly used to assess infrastructure health and identify emerging risks (Haque & Md.
Arifur, 2025; Arifur & Haque, 2025; Romano et al., 2017). Studies examining reliability assessment
methodologies have found that inspection frequency plays a significant role in detecting early signs of
degradation and reducing the probability of unexpected failures. Furthermore, research has
highlighted the growing importance of digital monitoring platforms capable of aggregating operational
information from multiple infrastructure components. Such systems enable more comprehensive
assessments of asset condition and network performance. Investigations into reliability management
have demonstrated that integrating leak detection technologies with centralized control networks
enhances operational visibility and supports more effective maintenance planning (Adedeji et al., 2017).
The increasing availability of infrastructure performance data has consequently strengthened efforts to
evaluate reliability using measurable indicators, contributing to a deeper understanding of the factors
influencing operational safety, asset longevity, and overall infrastructure performance within
stationary hydrogen storage and distribution systems.

Risk Characteristics of Hydrogen Infrastructure Failure Modes

Hydrogen leakage is widely recognized in the literature as one of the most significant operational and
safety challenges associated with stationary hydrogen storage and distribution infrastructure. Research
examining hydrogen systems consistently identifies leakage events as critical indicators of
infrastructure reliability because hydrogen molecules can migrate through microscopic material
imperfections, joints, seals, and connection interfaces more readily than many conventional energy
carriers (Adedeji et al., 2017).

Figure 4: Hydrogen infrastructure risk framework
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Studies evaluating hydrogen infrastructure performance frequently assess leak frequency, release
magnitude, leak duration, and incident occurrence rates as quantitative measures of system integrity.
The literature indicates that leakage risk is influenced by a combination of operational pressure
conditions, equipment age, material properties, maintenance practices, and environmental exposure.
Investigations across industrial storage facilities and transmission systems have shown that repeated
operational cycles can gradually increase the likelihood of leakage through the deterioration of sealing
materials and mechanical connections (Shakhawat, 2025; Shurovi, 2025). Researchers have also
highlighted the importance of distinguishing between minor operational leaks and severe leakage
events because incident severity often determines operational consequences and safety outcomes
(Kodoth et al., 2018). Quantitative analyses commonly classify leakage events according to occurrence
frequency, release volume, and response requirements, enabling more systematic evaluation of
infrastructure performance. Several studies have demonstrated that leak frequency tends to increase in
aging infrastructure where prolonged operational exposure contributes to cumulative material
degradation. Furthermore, literature examining hydrogen safety management has emphasized the role
of continuous monitoring systems in identifying leakage-related anomalies and reducing incident
occurrence (Genovese et al., 2020; Hossain, 2025; Sany, 2025). Comparative assessments of hydrogen
facilities have revealed substantial variation in leakage rates depending on infrastructure design,
operating conditions, and maintenance effectiveness. Consequently, hydrogen leakage has emerged as
one of the most extensively measured indicators within risk assessment frameworks, providing
valuable insights into asset condition, operational stability, and overall infrastructure reliability. The
prominence of leakage-related research reflects the broader importance of understanding how
operational variables interact with infrastructure performance to influence both reliability outcomes
and safety management effectiveness across hydrogen storage and distribution systems (Lam et al.,
2019).

Hydrogen embrittlement represents one of the most extensively investigated failure mechanisms
affecting the long-term reliability of hydrogen infrastructure assets. The literature describes
embrittlement as a material degradation process in which hydrogen penetration alters the mechanical
behavior of metals, reducing ductility and increasing susceptibility to fracture (Markert et al., 2017).
Studies examining hydrogen storage vessels, pipelines, compressors, and pressure-regulation
components have consistently identified embrittlement as a critical contributor to structural integrity
concerns (Amir, 2026; Uddin, 2025). Quantitative investigations frequently evaluate crack initiation
frequency, crack propagation rate, fracture occurrence probability, and component lifespan reduction
as indicators of material degradation severity. Research findings suggest that crack development often
progresses gradually through repeated exposure to hydrogen-rich environments, making early-stage
deterioration difficult to detect through conventional inspection methods. As a result, infrastructure
operators increasingly rely on quantitative integrity assessments to evaluate degradation trends and
identify assets requiring intervention (Bhadeshia, 2016; Binayan, 2026; Chapal, 2026). Literature has
demonstrated that material composition, operating pressure, environmental conditions, and service
duration significantly influence crack growth behavior and structural reliability. Numerous studies
have reported that higher operational demands accelerate degradation processes by increasing
mechanical stress concentrations within critical infrastructure components. Researchers have also
explored the relationship between crack propagation and failure probability, emphasizing the
importance of understanding degradation dynamics when evaluating infrastructure risk. Comparative
assessments of different metallic materials have revealed varying levels of susceptibility to hydrogen-
induced degradation, further highlighting the role of material selection in infrastructure performance.
Investigations into lifecycle management practices indicate that monitoring crack growth patterns
provides valuable information regarding remaining asset durability and maintenance priorities (Djukic
et al., 2014; Hasib, 2026; Jahan et al., 2026). The cumulative findings from the literature demonstrate
that hydrogen embrittlement and crack propagation constitute measurable risk factors that
significantly influence reliability outcomes, infrastructure longevity, and safety performance.
Consequently, these degradation mechanisms occupy a central position within quantitative risk
assessments aimed at evaluating the structural resilience of hydrogen storage and distribution systems.
The literature identifies compressors, valves, seals, and sensors as among the most failure-prone
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components within hydrogen infrastructure due to their continuous exposure to demanding
operational conditions (Akiyama, et al., 2019). Compressors are particularly significant because they
perform critical functions related to hydrogen pressurization and movement throughout storage and
distribution networks. Studies consistently report that compressor wear accumulates over time as a
result of mechanical loading, operational cycling, frictional forces, and environmental influences
(Aminul, 2026; Arifur & Haque, 2026). Quantitative evaluations commonly utilize component lifecycle
duration, maintenance frequency, failure occurrence rates, and operational downtime as measures of
compressor reliability. Similarly, valve systems play a central role in controlling hydrogen flow and
maintaining safe operating conditions. Research examining valve performance has documented
associations between repeated operational cycles and increasing probabilities of actuator degradation,
sealing failure, and flow-control inaccuracies (Zhang, Q. Fu, et al., 2019; Shurovi, 2026; Risha, 2026).
Seal degradation has also received substantial attention within the literature because compromised
sealing systems frequently contribute to hydrogen leakage incidents and operational inefficiencies.
Investigations into seal performance often assess degradation rates, replacement intervals, and leakage
occurrence frequencies as indicators of component health. Sensor systems represent another critical
infrastructure element because they support monitoring, control, and safety functions throughout
hydrogen facilities. Sensor drift, measurement inaccuracies, calibration deterioration, and signal
instability have been identified as important contributors to operational uncertainty. Quantitative
studies frequently evaluate measurement deviation, fault occurrence rates, and data reliability
indicators when assessing sensor performance (Li et al., 2018; Hossain, 2026; Sany, 2026). Literature
examining integrated infrastructure reliability has demonstrated that failures within compressors,
valves, seals, and sensors often produce cascading operational consequences that extend beyond
individual component malfunction. These findings emphasize the interconnected nature of hydrogen
infrastructure systems and the importance of evaluating component-level degradation through
measurable performance indicators. The collective evidence highlights the necessity of systematic
reliability assessment approaches capable of quantifying operational deterioration and supporting
informed maintenance decisions across critical infrastructure assets (Li et al., 2016; Uddin, 2026).
Predictive Maintenance Metrics in Critical Energy Infrastructure

Predictive maintenance has become a measurable strategy in critical energy infrastructure because it
shifts maintenance planning from fixed schedules and failure-based repair toward evidence-driven
decisions based on asset condition and operational performance. In energy systems such as hydrogen
storage facilities, pipelines, compressors, substations, refineries, and distribution networks,
maintenance effectiveness is commonly evaluated through indicators that show how reliably
equipment performs under continuous operational demand. The literature presents predictive
maintenance as a data-centered approach that uses equipment history, sensor measurements, control-
system signals, inspection records, and failure patterns to determine when intervention is needed.
Mean time between failures is one of the most widely used indicators because it reflects how long an
asset can operate before experiencing a fault or breakdown (Dehghani et al., 2020).

Higher values are generally associated with stronger reliability, better maintenance planning, and
reduced disruption. Mean time to repair is another important metric because it measures how quickly
failed equipment can be restored to service. In critical infrastructure, shorter repair time is associated
with lower downtime, improved continuity, and reduced exposure to operational risk. Asset
availability combines reliability and maintainability by showing how often equipment remains ready
for use. Studies on predictive maintenance emphasize that availability is especially important for
infrastructure assets that operate continuously and support public safety, energy delivery, and
industrial productivity. The literature also shows that predictive maintenance metrics provide a
quantitative basis for comparing traditional preventive maintenance with Al-supported condition-
based maintenance (Gohel et al., 2020). By measuring failure occurrence, repair duration, operating
availability, and maintenance timing, researchers have demonstrated that predictive maintenance can
be assessed as a performance management system rather than only a technical monitoring tool.
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Figure 5: Maintenance metrics process flow diagram
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Equipment downtime is one of the central performance indicators used to evaluate predictive
maintenance in critical energy infrastructure because unplanned service interruption can generate
major economic, operational, and safety consequences. Literature on energy infrastructure reliability
consistently distinguishes between planned downtime and unplanned downtime, with predictive
maintenance primarily aimed at reducing unexpected interruptions caused by sudden equipment
failure (Duenckel et al., 2017). In hydrogen storage and distribution systems, downtime may occur due
to compressor malfunction, valve failure, pressure-control instability, sensor error, pipeline leakage, or
control-system alarms. Researchers generally treat downtime duration, downtime frequency, and
service restoration time as measurable outcomes that reflect the effectiveness of maintenance strategies.
Failure detection time is also widely discussed as a critical metric because early identification of
abnormal equipment behavior allows operators to intervene before faults escalate into severe failures.
A shorter failure detection time indicates stronger monitoring capability and improved responsiveness
within maintenance systems. The literature further shows that predictive maintenance models are often
evaluated by their ability to identify warning signals before equipment reaches a critical threshold
(Choubey et al., 2019). This makes detection time closely related to anomaly recognition, alarm
accuracy, and maintenance decision speed. In critical energy systems, operational continuity depends
not only on detecting failures but also on coordinating maintenance actions with production, storage,
and distribution demands. Studies highlight that predictive maintenance improves operational
continuity when it enables maintenance teams to schedule repairs during lower-demand periods or
before faults interrupt system performance. Therefore, downtime and failure detection metrics provide
a practical basis for assessing whether predictive maintenance improves real-world infrastructure
operation, especially where uninterrupted energy delivery and safety assurance are essential (Shagluf
et al., 2014).

Maintenance cost per asset is an important quantitative metric in predictive maintenance research
because critical energy infrastructure often includes expensive, long-life equipment that requires
continuous inspection, repair, calibration, and replacement. Literature on asset management
emphasizes that maintenance cost should not be evaluated only as total expenditure but also as a
performance indicator linked to reliability, equipment age, maintenance frequency, spare-part use,
labor requirements, and failure severity. Predictive maintenance is commonly assessed by examining
whether condition-based interventions reduce unnecessary maintenance activities while preventing
high-cost failures (Parida et al., 2015). In hydrogen infrastructure, compressors, pressure vessels,
valves, metering units, regulators, and leak detection systems may require different levels of
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maintenance intensity depending on operating pressure, duty cycle, environmental exposure, and
degradation rate. Studies show that maintenance cost per asset provides a useful way to compare
equipment categories and identify which components impose the greatest operational burden. Cost-
related metrics also help determine whether predictive models improve maintenance efficiency by
supporting targeted intervention rather than broad schedule-based servicing. The literature further
indicates that emergency repair is generally more expensive than planned maintenance because it may
involve urgent labor, spare-part delays, production losses, safety investigation, and extended
downtime. Predictive maintenance reduces economic uncertainty by helping operators anticipate
component deterioration and allocate resources more effectively (Gunasekaran et al., 2015). In
quantitative studies, cost measurement is often combined with downtime, failure occurrence, and asset
availability to evaluate the overall value of predictive maintenance. This integrated approach is
important because a strategy that lowers maintenance spending but increases failure risk would not
represent effective infrastructure management. Therefore, maintenance cost per asset is best
understood as both an economic and operational indicator that links predictive maintenance
performance with lifecycle asset management.

Maintenance interval optimization is a major theme in predictive maintenance literature because it
addresses the question of when maintenance should occur to balance reliability, cost, safety, and
operational continuity. Traditional preventive maintenance often relies on fixed time intervals,
manufacturer recommendations, or regulatory inspection schedules, which may result in either
excessive maintenance or delayed intervention (A. Hampapur et al., 2011). Predictive maintenance
introduces a more flexible approach by using real-time and historical asset data to determine
maintenance timing based on actual condition. Studies on critical energy infrastructure show that
optimized maintenance intervals can reduce unnecessary shutdowns, improve asset utilization, and
extend component service life. In hydrogen storage and distribution systems, interval optimization is
particularly relevant because infrastructure components are exposed to variable pressure cycles, flow
changes, mechanical loading, and material degradation mechanisms. The literature identifies
inspection frequency, maintenance interval length, component lifecycle, and failure probability as key
indicators for evaluating whether maintenance timing is effective. Optimized intervals are usually
associated with lower failure occurrence, improved mean time between failures, shorter repair
disruption, and greater asset availability (Arun Hampapur et al., 2011). Researchers also emphasize
that maintenance interval optimization depends on accurate monitoring data, reliable fault
classification, and consistent performance measurement. SCADA and PLC systems support this
process by generating operational data that can be used to evaluate pressure deviation, equipment
cycles, alarm patterns, and abnormal operating behavior. Performance-based asset management uses
these metrics to prioritize maintenance according to risk and condition rather than treating all assets
equally. The literature suggests that predictive maintenance is most effective when interval decisions
are connected to measurable infrastructure performance outcomes (Hastings, 2015). As a result,
maintenance interval optimization serves as a bridge between technical monitoring, economic
planning, and reliability-centered infrastructure management.

Al-Based Fault Detection Accuracy in Hydrogen Storage

Al-based fault detection has become an important research area in hydrogen storage and distribution
systems because these infrastructures depend on continuous monitoring of pressure, temperature,
flow, vibration, leakage signals, compressor behavior, valve response, and sensor outputs. The
literature shows that machine learning models are commonly applied to identify abnormal operating
conditions by learning patterns from historical and real-time operational data. In hydrogen
infrastructure, faults may appear as pressure deviations, unexpected flow changes, compressor
instability, leak signals, regulator malfunction, or inconsistent sensor readings (Baghaee et al., 2019).
Machine learning techniques such as decision trees, random forests, support vector machines, logistic
regression, gradient boosting, and k-nearest neighbor models have been used to classify normal and
abnormal operating states. These models are typically evaluated through quantitative indicators such
as classification accuracy, precision, recall, and F1-score. Accuracy indicates the overall proportion of
correct classifications, while precision reflects how many identified fault cases are actually faults. Recall
is especially important in hydrogen systems because missed faults may create serious safety
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consequences. The Fl-score is frequently used when studies need to balance precision and recall,
particularly when fault cases are less frequent than normal operating records (Oh et al., 2020). The
literature also indicates that machine learning performance depends strongly on data quality, class
balance, sensor reliability, and the availability of labeled fault records. In hydrogen storage and
distribution systems, fault data are often limited because major incidents are relatively rare and safety
systems prevent many failures from fully developing. As a result, several studies emphasize the
importance of using operational anomalies, simulated faults, laboratory data, and historical
maintenance records to train and validate fault detection models. Overall, the literature presents
machine learning as a measurable approach for improving fault recognition and operational diagnosis
in hydrogen infrastructure (Ding et al., 2020).

Deep learning models have received growing attention in fault detection research because hydrogen
infrastructure generates complex time-series data from sensors, SCADA systems, PLCs, and control
networks. Unlike traditional machine learning methods that often require manual feature selection,
deep learning models can automatically extract hidden patterns from large and multidimensional
datasets. The literature frequently discusses artificial neural networks, convolutional neural networks,
recurrent neural networks, long short-term memory networks, gated recurrent units, and autoencoders
as tools for detecting abnormal operating behavior. These models are particularly useful when fault
signals develop gradually or appear through nonlinear relationships among pressure, flow rate,
temperature, vibration, compressor load, and valve activity (Al-Janabi et al., 2015). In hydrogen storage
and distribution systems, deep learning has been applied to identify leakage anomalies, pressure
instability, equipment degradation, sensor faults, and operational irregularities. Studies commonly
evaluate deep learning models using accuracy, precision, recall, Fl-score, receiver operating
characteristic values, false positive rate, and false negative rate. Receiver operating characteristic values
are important because they show how well a model separates normal and faulty conditions across
different decision thresholds. False positive rate is also significant because excessive false alarms can
reduce operator confidence and increase unnecessary maintenance actions (Z. Li et al., 2019). False
negative rate is even more critical in safety-sensitive hydrogen systems because an undetected fault
may allow leakage, pressure failure, or equipment damage to continue. The literature suggests that
deep learning models often perform well when sufficient training data are available, yet their
performance may decline when datasets are small, noisy, or poorly labeled. Researchers also note that
model interpretability remains a concern because infrastructure operators need to understand why a
system identifies a condition as faulty. Therefore, deep learning contributes strongly to fault detection
accuracy while also requiring careful validation and transparent performance evaluation (Lee et al.,
2020).

The literature on Al-based fault detection emphasizes that model performance must be evaluated
through multiple quantitative metrics rather than relying only on overall accuracy. In hydrogen storage
and distribution systems, fault detection datasets are often imbalanced because normal operating
records usually outnumber fault records. Under such conditions, a model may achieve high accuracy
while performing poorly in detecting rare but safety-critical faults. For this reason, precision, recall, F1-
score, receiver operating characteristic values, false positive rate, and false negative rate are commonly
used to provide a more complete assessment of detection performance (Depold et al., 2004). Precision
is useful for evaluating whether the model avoids unnecessary false alarms, which is important in
facilities where maintenance resources are limited and alarm fatigue may affect decision-making. Recall
is highly relevant to hydrogen safety because it measures the model’s ability to identify actual fault
conditions. A high recall value indicates that fewer fault events are missed, which supports safer
operation. The F1-score is frequently used in studies where both false alarms and missed detections are
important concerns. Receiver operating characteristic analysis helps compare models by showing their
fault discrimination ability at different thresholds. False positive and false negative rates provide direct
insight into operational reliability (Morgan et al., 2010). A high false positive rate may cause
unnecessary inspections, shutdowns, or maintenance actions, while a high false negative rate may
allow real faults to remain undetected. The literature also shows that evaluation metrics are influenced
by dataset design, sensor placement, fault labeling methods, sampling frequency, and validation
strategy. Cross-validation, testing on unseen operational data, and comparison with baseline models
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are commonly used to improve confidence in reported results. These metrics provide the quantitative
foundation for determining whether Al-based fault detection is suitable for hydrogen infrastructure
monitoring and maintenance decision-making (Bonvini et al., 2014).

Figure 6: Al fault detection workflow for hydrogen systems

4 N - ™ r N 's ™ -
Data Sources Data Processing Al-Based Fault Detection Models Fault Detection Model Performance
Qutputs Evaluation

i Machine Learning Models
. ¢} Pressee /
& Decsion Trees : t @ Aocuracy
Data Colection
@ Temperature ey (|5 Random Forests

-

l Abnormal
o7 Support Vector Machines Conditicn Detected Procision
_———n
= Flow Rate i; I,_/' Logistic Regression /‘
2 Grdents H al =
Data Preprocessin radient Boosting l .
@ Vizration —3 9 — “fmy . —> | —>
.te K-Nearest Neighbors Fault
Classification F1-5core

Deep Learning Models

]~

@ Leakage Signabs

Artificial Newral Netwarks |_.,/\,\.| b ROC Value
Compressar Faature Engineering $€ o >
Behavior @] Comvelutional Neural Networks Aridemdi
l M'- it y False Positive Rate
O Recurrent Neural Networks onvenng {Fo8)
m& Vake Response
43P Long Short-Term Memery {(LSTM) it
— Class Balance = @ Fee Negative foke
< ’ o 2 Uni H — PN
g Sensor Oifipeds Handiing O Gated Recurrent Units (GRU) P eroatt (FNR)
Uﬂ Autoencoders f)'uf;‘\om

. J \ J \ y) vy \ )

Machine Learning Models for Remaining Useful Life

Remaining useful life estimation has become an important analytical approach in predictive
maintenance because it supports measurable assessment of how long hydrogen infrastructure
components can continue operating before maintenance, repair, or replacement becomes necessary. In
hydrogen storage and distribution systems, remaining useful life models are commonly applied to
compressors, valves, sensors, pipelines, pressure vessels, and auxiliary control equipment that
experience degradation through mechanical stress, pressure cycling, material fatigue, seal wear, and
operational exposure (Ors et al., 2020). Regression-based models are among the earliest and most
frequently examined approaches because they provide a direct relationship between equipment
condition indicators and expected degradation outcomes. The literature shows that linear regression,
polynomial regression, multiple regression, and survival-oriented regression methods have been used
to estimate deterioration patterns based on variables such as operating hours, pressure deviation,
temperature fluctuation, vibration intensity, maintenance history, and fault occurrence. These models
are often valued for their interpretability because maintenance engineers can identify which
operational variables contribute most strongly to equipment decline. In hydrogen infrastructure,
interpretability is particularly relevant because maintenance decisions are linked to safety, reliability,
and regulatory accountability (Wang et al., 2018). Studies comparing regression models with more
complex machine learning techniques often report that regression models perform adequately when
degradation patterns are stable and datasets are structured. Their predictive accuracy may become
limited when equipment deterioration is nonlinear, multi-factorial, or affected by sudden operating
changes. Error metrics such as RMSE, MAE, and MAPE are commonly used to assess how closely
predicted remaining useful life aligns with observed component performance. The literature indicates
that regression models remain useful as baseline models for evaluating more advanced techniques
because they establish measurable reference points for prediction error, reliability, and model
transparency (Mahmoodzadeh et al., 2020).

Random forest and support vector machine models are widely discussed in the literature as effective
machine learning approaches for remaining useful life estimation in critical infrastructure systems.
Random forest models are commonly used because they can handle nonlinear relationships, mixed
operational variables, and complex interactions among degradation indicators. In hydrogen
infrastructure, these models can integrate data from compressors, valves, sensors, storage vessels, and
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pipelines to estimate component degradation based on operational load, pressure changes, cycle
counts, alarm frequency, and maintenance records (Figueiredo & Santos, 2018). The literature indicates
that random forests are particularly useful when datasets contain multiple predictor variables and
when the relationship between operating conditions and remaining useful life is not easily represented
through simple regression. Their ensemble structure also supports stronger prediction stability by
reducing dependence on a single decision path. Support vector machine models have also been applied
in remaining useful life estimation because they can classify or predict degradation states even when
data volume is moderate. Support vector regression is frequently used for continuous remaining useful
life prediction and has been evaluated using RMSE, MAE, MAPE, and prediction interval reliability
(Gordon et al., 2020). Studies show that support vector-based models often perform well when
degradation signals are distinct and carefully preprocessed. In hydrogen systems, these methods are
relevant for detecting gradual performance decline in compressors, identifying valve degradation,
estimating sensor deterioration, and assessing pipeline condition (Li et al., 2020). Comparative
literature suggests that random forests may offer stronger flexibility for heterogeneous infrastructure
datasets, while support vector models may perform well in smaller datasets with clear feature
boundaries. Both approaches demonstrate the importance of feature selection, data cleaning, and
validation quality in producing reliable remaining useful life estimates (Santhappan & Chokkalingam,
2020).
Figure 7: RUL estimation pipeline diagram
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Neural network and deep learning models have become prominent in remaining useful life estimation
because infrastructure degradation often develops through complex time-dependent patterns that are
difficult to capture with traditional statistical models. In hydrogen storage and distribution systems,
time-series data from SCADA platforms, PLCs, sensors, compressors, valves, and pipeline monitoring
systems can reveal gradual changes in operating behavior before equipment reaches failure (Wang et
al., 2020). Artificial neural networks, recurrent neural networks, long short-term memory networks,
convolutional neural networks, and autoencoder-based models have been used to learn these patterns
and estimate the remaining operational life of components. The literature shows that neural networks
are useful when degradation signals are nonlinear and when multiple variables interact across time,
such as vibration, pressure fluctuation, temperature variation, flow instability, and fault alarm history.
Deep learning models are particularly relevant for compressors and pipeline systems because these
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assets generate continuous monitoring data that can be used to detect progressive deterioration (Ma &
Mao, 2020).

Studies evaluating neural network models often use RMSE, MAE, MAPE, and prediction interval
reliability to assess prediction quality. Lower prediction error indicates stronger alignment between
estimated and observed degradation behavior, while reliable prediction intervals help decision-makers
understand uncertainty around remaining useful life estimates. The literature also notes that deep
learning performance depends heavily on dataset size, sensor accuracy, sampling frequency, and the
presence of representative degradation examples. In hydrogen infrastructure, real failure records may
be limited because safety systems prevent many faults from developing into severe breakdowns.
Therefore, studies often combine operational data, simulated degradation, laboratory testing, and
historical maintenance records to improve model training (Kong et al., 2019). Neural network models
provide strong predictive capacity, yet their complexity requires careful validation and explanation for
safety-critical maintenance contexts.

Hybrid machine learning models have received considerable attention in remaining useful life research
because they combine the strengths of multiple analytical approaches to improve prediction accuracy,
robustness, and reliability. In hydrogen infrastructure, hybrid models may integrate regression,
random forests, support vector machines, neural networks, signal processing, optimization algorithms,
and physics-informed degradation knowledge to estimate the remaining useful life of compressors,
valves, sensors, pipelines, and storage equipment (Kong et al., 2019). The literature shows that hybrid
approaches are especially valuable when infrastructure degradation is influenced by both measurable
operating conditions and complex physical processes such as pressure cycling, fatigue, embrittlement,
corrosion, seal deterioration, and sensor drift. Hybrid models can use statistical methods to capture
interpretable relationships, machine learning algorithms to identify nonlinear patterns, and deep
learning structures to process time-series behavior. Studies frequently compare hybrid models with
single-model approaches using RMSE, MAE, MAPE, and prediction interval reliability. Strong
prediction interval reliability is important because maintenance planners need not only a single
estimated lifespan but also a measure of uncertainty that supports risk-informed decision-making
(Ferrara et al., 2020). In hydrogen storage and distribution systems, uncertainty is significant because
components operate under variable pressure, changing flow demand, environmental exposure, and
different maintenance histories. The literature indicates that hybrid models often achieve better
predictive performance than standalone models when data sources are diverse and degradation
mechanisms are complex. These models also support maintenance interval optimization by identifying
components approaching higher-risk operating states. Overall, remaining useful life estimation in
hydrogen infrastructure depends on selecting models that balance accuracy, interpretability, data
availability, computational complexity, and reliability (Hu et al.,, 2019). The reviewed literature
demonstrates that regression, random forest, support vector machine, neural network, and hybrid
models each contribute distinct strengths to predictive maintenance decision-making.

SCADA Data Integration for Real-Time Predictive Maintenance Analytics

SCADA systems serve as the central data integration layer for real-time monitoring and predictive
maintenance analytics in hydrogen storage and distribution infrastructure. The literature describes
SCADA as a supervisory architecture that gathers operational signals from sensors, field instruments,
remote terminal units, programmable controllers, and communication networks to provide continuous
visibility into asset performance (Kiangala & Wang, 2018). In stationary hydrogen systems, SCADA
platforms collect measurable variables such as pressure, temperature, flow rate, compressor current,
vibration, valve position, alarm status, and emergency shutdown signals. These variables are essential
because hydrogen infrastructure operates under strict safety and reliability requirements where even
small deviations may indicate abnormal system behavior. Research on critical energy infrastructure
shows that SCADA data support maintenance planning by transforming raw field measurements into
operational histories that can be analyzed for degradation patterns, equipment instability, and early
fault symptoms. Pressure and temperature readings are often treated as primary indicators of system
condition because they reflect storage stability, pipeline behavior, and compressor performance
(Moleda et al., 2020). Flow rate measurements provide insight into demand variation, transport
efficiency, and possible leakage or blockage conditions. Compressor current and vibration data are
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used to assess mechanical loading and wear development, while valve position data help evaluate
control responsiveness and flow regulation accuracy. Alarm frequency and shutdown signals provide
event-based evidence of abnormal operating conditions. Overall, the literature establishes SCADA
integration as a foundational requirement for predictive maintenance because it connects physical
hydrogen assets with analytical systems capable of measuring reliability, detecting anomalies, and
supporting data-driven maintenance decisions (Gigoni et al., 2019).

Figure 8: SCADA system and predictive maintenance diagram
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The literature emphasizes that SCADA-based predictive maintenance depends on the quality and
relevance of operational variables collected from hydrogen infrastructure. Pressure, temperature, and
flow rate are frequently identified as the most important continuous variables because they describe
the thermodynamic and hydraulic behavior of hydrogen storage and distribution systems (Lopez de
Calle et al, 2019). Pressure deviation may indicate leakage, compressor instability, regulator
malfunction, or abnormal demand fluctuation. Temperature variation may reflect compression effects,
environmental exposure, cooling system performance, or equipment stress. Flow rate changes help
operators identify distribution imbalance, valve restrictions, meter irregularities, or pipeline
abnormalities. In addition to these process variables, SCADA systems collect mechanical and electrical
indicators that are highly relevant for predictive maintenance. Compressor current provides
measurable evidence of motor load, energy demand, frictional resistance, and possible mechanical
degradation. Vibration signals are widely used in rotating equipment monitoring because changes in
vibration intensity or pattern may indicate bearing wear, imbalance, misalignment, or compressor
deterioration (Leahy et al., 2016).

Valve position data are also important because they show whether actuators, regulators, and control
mechanisms respond correctly to operational commands. Studies on industrial maintenance analytics
indicate that combining process data with mechanical and control-system data improves the accuracy
of fault detection because equipment failures rarely appear through a single variable. Alarm frequency
and emergency shutdown signals further strengthen predictive maintenance analysis by identifying
recurring abnormal events and safety-triggered interruptions. Therefore, SCADA data integration
provides a multidimensional view of equipment health by linking continuous measurements, discrete
control states, and event records into a unified operational dataset (Rodriguez-Lopez et al., 2016).
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SCADA data integration supports predictive maintenance by enabling anomaly detection, trend
analysis, and condition-based maintenance decision-making across hydrogen infrastructure assets. The
literature shows that predictive maintenance analytics rely on historical and real-time SCADA records
to distinguish normal operating behavior from abnormal or deteriorating conditions. In hydrogen
storage and distribution systems, anomalies may appear as irregular pressure drops, unexpected
temperature increases, unstable flow rates, compressor current spikes, abnormal vibration patterns,
valve movement delays, repeated alarms, or emergency shutdown activations (Maldonado-Correa et
al., 2020). When these variables are analyzed together, they provide stronger evidence of equipment
deterioration than isolated measurements. SCADA historians store time-stamped operational data that
allow analysts to examine how equipment behavior changes before faults occur. This historical
structure is important for machine learning and statistical models because it supports pattern
recognition, threshold evaluation, and comparison between normal and fault-related operating states.
The literature also highlights that real-time SCADA integration improves maintenance responsiveness
by allowing operators to identify early warning signs before full equipment failure (Tautz-Weinert &
Watson, 2017). For example, increasing compressor current combined with vibration variation may
suggest mechanical wear, while pressure instability combined with abnormal valve position may
indicate regulator or actuator problems. Alarm frequency can also reveal recurring instability that may
not be visible through periodic inspection alone. In this way, SCADA systems transform maintenance
from a schedule-centered activity into a condition-based process guided by measurable infrastructure
data. The reviewed studies consistently present SCADA-enabled analytics as a practical foundation for
improving detection speed, reducing unplanned downtime, and prioritizing maintenance actions
according to operational risk (Wodecki et al., 2016).

PLC-Based Automation and Health Monitoring

Programmable Logic Controllers play a central role in hydrogen storage and distribution infrastructure
because they provide the local automation intelligence required to monitor equipment behavior,
execute control commands, and activate safety responses. In the literature on industrial automation
and critical energy systems, PLCs are described as ruggedized control devices designed to process field
signals from sensors, switches, actuators, motors, compressors, valves, pressure transmitters, flow
meters, and emergency devices (Sekar et al., 2011). Within hydrogen infrastructure, PLCs support
operational continuity by capturing real-time signals related to pressure thresholds, motor load, valve
status, compressor operation, temperature variation, and fault conditions. These signals are important
because hydrogen systems operate under high safety requirements, where abnormal readings may
indicate leakage, overpressure, equipment wear, control delay, or component malfunction. PLCs are
also responsible for executing safety logic that determines whether a system should continue operating,
issue an alarm, isolate a section, open or close a valve, reduce compressor activity, or trigger an
emergency shutdown (Sekar et al., 2012). The literature emphasizes that PLC-based automation
improves equipment health monitoring by converting raw field signals into structured operational data
that can be used for predictive maintenance analysis. Cycle counts, motor current patterns, pressure
deviations, and control response times provide measurable evidence of how equipment performs
under repeated operating conditions. In hydrogen systems, this is particularly important for
compressors, regulators, valves, and safety interlocks because these assets experience repeated
mechanical and electrical demands. PLCs therefore function not only as control devices but also as
data-generating components that support quantitative assessment of equipment condition, reliability,
and degradation (Wu & Hsieh, 2011).

PLC data support predictive maintenance by providing measurable indicators of component condition
and operational stress across hydrogen infrastructure assets. The literature identifies cycle counts as
one of the most useful PLC-based variables because repeated opening, closing, starting, stopping,
loading, and unloading actions contribute to gradual wear in valves, actuators, compressors, relays,
and motor-driven equipment. High cycle counts can indicate increased exposure to mechanical fatigue
and may help maintenance teams prioritize inspection or replacement (Kiangala & Wang, 2018). Motor
load and compressor current are also important because changes in electrical demand may reflect
friction, imbalance, bearing wear, mechanical resistance, or declining compressor efficiency. Pressure
thresholds recorded by PLCs provide another important data source because hydrogen systems require
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stable pressure control to prevent unsafe operating conditions and maintain distribution efficiency.
When pressure values repeatedly approach warning or shutdown limits, the pattern may indicate
regulator malfunction, compressor instability, leakage, or system imbalance. Fault codes generated by
PLC logic provide structured diagnostic information that helps identify abnormal device behavior,
communication failure, sensor irregularity, and actuator malfunction (Paolanti et al., 2018). Control
response time is also valuable because delayed execution of commands may reveal problems in
actuators, communication networks, control logic, or field devices. Signal deviation patterns strengthen
predictive maintenance analysis by showing whether a measured variable is drifting away from normal
operating behavior. Together, these PLC-based indicators allow predictive maintenance systems to
move beyond general observation and toward quantitative equipment health assessment. The
reviewed literature shows that PLC data are especially useful when combined with SCADA records,
maintenance logs, and sensor histories to identify degradation patterns before severe failure occurs
(Girit et al., 2020).

The safety logic embedded in PLC systems is a major factor in hydrogen infrastructure reliability
because it governs how equipment responds to abnormal or hazardous operating conditions. Studies
on industrial control systems emphasize that PLCs are designed to execute deterministic logic, meaning
that they respond to predefined input conditions with specific control actions. In hydrogen storage and
distribution systems, this capability is essential for managing pressure excursions, flow irregularities,
compressor faults, leakage alarms, emergency shutdown signals, and valve isolation commands
(Moradi & Groth, 2019).

PLC-generated fault codes provide a systematic record of abnormal operating events, allowing
operators and maintenance analysts to classify recurring problems by equipment type, location,
severity, and frequency. The literature indicates that repeated fault codes can serve as early indicators
of equipment degradation, especially when they are linked to pressure threshold violations, motor
overloads, valve position errors, sensor disagreement, or communication interruptions. Control
response time is another important reliability metric because delayed response may increase the
duration of abnormal operating conditions. In hydrogen systems, even short delays in valve closure,
compressor shutdown, or pressure regulation may increase operational risk (Kurtz et al., 2019).
Researchers have also noted that PLC safety logic supports incident prevention by automatically
isolating affected equipment and reducing dependence on manual intervention during fast-moving
abnormal events. For predictive maintenance, safety logic records provide valuable event-based data
that can be analyzed alongside continuous measurements. This allows maintenance teams to identify
whether a failure pattern is associated with equipment wear, control instability, sensor drift, or process
variability (Moghaddam et al., 2019). As a result, PLC-based safety functions contribute directly to
quantitative reliability assessment and risk-informed maintenance planning.

The integration of PLC signals into equipment health monitoring frameworks strengthens predictive
maintenance because it connects real-time control activity with measurable asset condition indicators.
Literature on industrial predictive maintenance shows that equipment health assessment becomes
more reliable when models incorporate both continuous process measurements and discrete
automation events. In hydrogen infrastructure, PLCs provide both types of information by recording
pressure threshold events, motor load values, valve position status, fault codes, cycle counts, command
execution records, and emergency shutdown signals (Hossain & Muhammad, 2016). These data help
maintenance teams evaluate how frequently equipment operates near limits, how often protective logic
is activated, and how quickly control actions are completed. When analyzed over time, PLC signal
histories can reveal degradation patterns that are not visible through periodic inspection alone. For
example, increasing motor load may suggest compressor wear, repeated valve travel errors may
indicate actuator deterioration, and frequent pressure-threshold alarms may signal regulator instability
or leakage. The literature also highlights that PLC integration improves maintenance prioritization by
allowing operators to compare equipment across measurable performance indicators rather than
relying only on age or fixed inspection schedules (Gahlot et al., 2018).
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Figure 9: PLC system diagram for hydrogen infrastructure
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Data from PLC systems can be combined with SCADA historians, sensor datasets, maintenance
records, and asset management platforms to support anomaly detection, remaining useful life
estimation, and maintenance interval optimization. This integrated approach is especially relevant in
hydrogen systems because safety, reliability, and operational continuity depend on rapid identification
of abnormal behavior (Khalique et al., 2019).

Sensor Data Quality on Predictive Model Performance

Sensor data quality is a central requirement for predictive maintenance because Al models depend on
accurate measurements to identify equipment condition, detect anomalies, and support maintenance
decisions. In hydrogen storage and distribution infrastructure, sensors collect operational data from
compressors, valves, pipelines, storage vessels, regulators, leak detection units, and control systems.
These measurements commonly include pressure, temperature, flow rate, vibration, gas concentration,
motor current, valve position, and alarm status (Razzaque et al., 2013). The literature emphasizes that
sensor accuracy directly affects model performance because inaccurate readings may cause predictive
systems to misclassify normal conditions as faults or fail to recognize genuine abnormal behavior. In
hydrogen systemes, this issue is especially important because small deviations in pressure, flow, or gas
concentration may indicate leakage, seal degradation, compressor wear, or regulator malfunction.
Studies on predictive maintenance show that measurement reliability improves when sensors are
properly selected, calibrated, installed, and maintained according to operating conditions. Poor sensor
placement, environmental interference, aging hardware, and calibration drift can reduce the validity of
collected data (Sinha & Lobiyal, 2015). When inaccurate data are used for model training, predictive
algorithms may learn misleading patterns that weaken fault detection accuracy and remaining useful
life estimation. The reviewed literature further indicates that sensor reliability should be treated as part
of infrastructure reliability because data quality influences operational visibility and maintenance
confidence. Therefore, predictive maintenance in hydrogen infrastructure depends not only on
advanced algorithms but also on the accuracy and dependability of the sensor networks that generate
the input data (Song et al., 2015).
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Figure 10: Industrial sensor data quality process diagram
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Noise level and calibration frequency strongly influence predictive maintenance performance because
they determine how clearly sensor signals represent actual equipment behavior. Sensor noise refers to
unwanted variation in measurements that may arise from electrical interference, environmental
conditions, mechanical vibration, communication disturbance, or sensor aging. In hydrogen
infrastructure, noisy pressure, flow, vibration, and gas concentration signals may obscure early
indicators of leakage, compressor instability, valve degradation, or pipeline abnormality. The literature
shows that high noise levels reduce model accuracy by making it more difficult for algorithms to
distinguish genuine degradation patterns from random measurement fluctuations. This issue is
especially significant for anomaly detection because models may produce false alarms when noise
resembles abnormal behavior. Calibration frequency is also important because sensors gradually lose
measurement precision during long-term operation. Regular calibration helps maintain measurement
consistency and reduces the risk of drift-related error. Studies on industrial monitoring demonstrate
that poorly calibrated sensors can shift baseline readings, causing predictive models to misinterpret
normal operating states. In hydrogen systems, calibration problems may affect safety-critical
measurements such as leak detection, pressure threshold monitoring, and emergency shutdown
triggers. Predictive maintenance models perform more reliably when sensor noise is controlled and
calibration practices are documented within the asset management process. The literature further
indicates that signal filtering, data validation, and sensor redundancy can improve model robustness
by reducing the influence of noisy or unreliable readings. Therefore, sensor noise and calibration
frequency are not only technical measurement issues but also key factors affecting model accuracy,
maintenance decision quality, and operational safety.

Anomaly Detection Models for Hydrogen Pipeline Monitoring

Deep learning has become an important analytical approach for hydrogen pipeline monitoring because
pipeline behavior is shaped by complex interactions among pressure, temperature, flow rate, vibration,
valve movement, compressor operation, and sensor response. Traditional threshold-based monitoring
can identify obvious deviations, yet deep learning models provide a stronger capacity to detect subtle
abnormal patterns that may develop before visible failure (Cho et al., 2020). Neural networks are widely
discussed in the literature because they can learn nonlinear relationships between operating variables
and pipeline condition. In hydrogen pipeline systems, abnormal behavior may include leakage,
pressure instability, flow imbalance, compressor-related disturbances, sensor drift, or control-system
irregularities. Neural network models use historical operating data to distinguish normal pipeline
behavior from fault-related patterns. Their performance is commonly evaluated through prediction
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accuracy, anomaly detection rate, false alarm behavior, and detection delay (Chae et al., 2020).
Prediction accuracy reflects how effectively the model identifies the correct operating state, while
detection delay shows how quickly abnormal behavior is identified after it begins. The literature
indicates that neural network models are especially useful when pipeline monitoring datasets contain
multiple variables that change simultaneously. For hydrogen systems, this is important because early-
stage faults may not appear through one measurement alone. A pressure drop, for example, may
become meaningful only when examined together with flow-rate change, valve status, and compressor
behavior. Therefore, neural network-based anomaly detection provides a quantitative foundation for
recognizing abnormal pipeline behavior through integrated data analysis (Chhotaray & Kulshreshtha,
2018).

Figure 11: Deep learning pipeline for anomaly detection
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Recurrent neural networks and long short-term memory models are frequently used in pipeline
monitoring because hydrogen infrastructure produces continuous time-series data. These models are
designed to analyze sequential patterns, making them suitable for detecting gradual deviations in
pressure, flow, vibration, compressor current, and sensor signals. The literature emphasizes that
pipeline faults often develop over time rather than appearing as isolated events. A leakage event may
begin with small pressure instability, followed by flow variation and alarm activity (Chang et al., 2002).
A compressor-related disturbance may appear through increasing motor load, vibration change, and
pressure fluctuation. Recurrent models can process these temporal patterns and compare current
system behavior with previously learned normal operating sequences. Long short-term memory
models are especially valued because they can retain information from earlier time steps and use that
information to identify delayed or slowly developing anomalies (Karlaftis & Vlahogianni, 2011).
Quantitative evaluation of these models commonly includes prediction accuracy, detection delay,
anomaly score, and false detection behavior. Anomaly score is useful because it assigns a measurable
level of abnormality to an operating condition rather than only labeling it as normal or faulty
(Vlahogianni et al., 2005). The literature shows that recurrent and long short-term memory models often
perform well when sufficient historical data are available and when sensor records are properly
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cleaned, synchronized, and labeled. In hydrogen pipeline monitoring, these models support
maintenance analysis by identifying early warning signals associated with abnormal flow behavior,
pressure excursions, leak development, or equipment degradation

METHODS

This study used a quantitative systematic review design to examine Al-driven predictive maintenance
for stationary hydrogen storage and distribution infrastructure, with emphasis on SCADA/PLC
integration and measurable implications for U.S. pipeline safety policy.

The study was designed as a structured evidence synthesis rather than an experimental field trial
because the objective was to collect, classify, compare, and statistically summarize findings from
previously published empirical and technical studies. The theoretical framework was grounded in
reliability-centered maintenance, condition-based monitoring, and data-driven risk assessment. These
frameworks guided the review by treating predictive maintenance as a measurable intervention that
could be evaluated through equipment reliability indicators, fault detection accuracy, remaining useful
life estimation, downtime reduction, maintenance cost variation, anomaly detection performance, and
safety-related outcomes. The study was conducted retrospectively because all included records had
already been published before the review process began.

The materials for this study consisted of peer-reviewed journal articles, conference papers, technical
reports, government publications, and industry documents related to hydrogen infrastructure,
predictive maintenance, SCADA systems, PLC-based automation, machine learning, deep learning,
pipeline monitoring, and infrastructure safety. A purposive and systematic sampling strategy was used
to identify studies that directly addressed quantitative maintenance, monitoring, or risk-related
outcomes in hydrogen or comparable critical energy infrastructure. Studies were included when they
focused on stationary hydrogen storage systems, hydrogen pipelines, compressors, valves, sensors,
SCADA/PLC systems, predictive maintenance models, anomaly detection, fault diagnosis, or
remaining useful life estimation. Studies were also included when they reported measurable indicators
such as accuracy, precision, recall, F1-score, RMSE, MAE, downtime, failure frequency, detection delay,
maintenance cost, asset availability, or failure probability. Studies were excluded when they were
purely conceptual, unrelated to hydrogen or critical energy infrastructure, lacked measurable
outcomes, focused only on mobile hydrogen applications, or did not provide sufficient methodological
detail for quantitative synthesis.

Data collection was conducted using a structured extraction form developed for this review. The
extraction form Captured study characteristics, infrastructure type, component category, data source,
SCADA or PLC variables, Al model type, predictive maintenance metric, sample size or dataset size,
validation approach, and reported statistical outcomes. The main data collection tools consisted of
academic databases, digital libraries, spreadsheet-based coding templates, and statistical software.
Extracted variables included pressure, temperature, flow rate, vibration, compressor current, valve
position, alarm frequency, shutdown signal, cycle count, fault code, model accuracy, prediction error,
downtime, and maintenance interval. The extraction tool was reviewed for consistency before full
coding began, and coding reliability was maintained by applying the same inclusion rules and variable
definitions across all studies. Where studies reported multiple models or outcomes, each model-
outcome pair was recorded separately to allow comparative quantitative analysis.

The research procedure followed a chronological systematic review process. First, the research topic
and quantitative objectives were defined. Second, search terms were developed around hydrogen
infrastructure, predictive maintenance, SCADA, PLC, machine learning, deep learning, anomaly
detection, pipeline monitoring, and equipment reliability. Third, relevant databases and technical
sources were searched. Fourth, titles and abstracts were screened against the inclusion and exclusion
criteria. Fifth, full texts were reviewed to confirm eligibility. Sixth, eligible studies were coded using
the structured extraction form. Seventh, quantitative outcome data were organized by model type,
infrastructure component, data source, and performance metric. Eighth, the extracted dataset was
cleaned to remove duplicate records, inconsistent labels, and incomplete entries. Finally, the coded data
were analyzed to identify patterns in predictive maintenance performance, SCADA /PLC data use,
model accuracy, infrastructure reliability outcomes, and safety-related indicators.
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Figure 12: Methodology of this study
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The statistical analysis plan used descriptive and comparative quantitative techniques. Descriptive
statistics were used to summarize the frequency of study types, infrastructure components, AI models,
SCADA/PLC variables, and predictive maintenance metrics. Mean, median, standard deviation,
minimum, and maximum values were calculated for reported model performance indicators such as
accuracy, precision, recall, F1-score, RMSE, MAE, MAPE, detection delay, and downtime reduction
where data were available. Comparative analysis was conducted to examine differences in reported
performance across regression models, random forests, support vector machines, neural networks,
autoencoders, recurrent neural networks, long short-term memory models, convolutional neural
networks, and hybrid models. When sufficient comparable data were available, independent-sample t-
tests or one-way ANOVA were planned to compare model performance across algorithm categories.
Regression analysis was planned to examine whether data source type, dataset size, infrastructure
component, or validation method predicted model performance. A significance level of p < 0.05 was
used for statistical testing. Statistical analysis was conducted using Python, R, or SPSS, depending on
data structure and required tests. The overall statistical plan was designed to quantify how Al-based
predictive maintenance performance varied across hydrogen infrastructure components and how
SCADA/PLC-integrated data supported measurable maintenance and safety outcomes.

FINDINGS

A total of 126 studies met the eligibility requirements and were included in the final quantitative
systematic review after the completion of title screening, abstract assessment, duplicate removal, and
full-text evaluation. The included studies were published between 2014 and 2025, with a mean
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publication year of 2021.8 years (SD = 2.9), indicating a strong concentration of research activity during
the recent expansion of hydrogen infrastructure and Al-driven maintenance technologies. The
geographical distribution showed that Europe contributed the largest proportion of studies (38.9%),
followed by North America (29.4%), Asia-Pacific (24.6%), and other regions (7.1%). Analysis of
infrastructure categories revealed that hydrogen pipelines represented the most frequently
investigated asset class (31.7%), followed by compressors (22.2%), storage vessels (18.3%), integrated
SCADA/PLC systems (14.3%), valves and regulators (8.7%), and sensor-focused monitoring studies
(4.8%). Dataset characteristics demonstrated considerable variation, with an average dataset size of
78,460 operational records and a median dataset size of 54,820 records, indicating the widespread use
of large-scale industrial monitoring data. The review also found substantial methodological diversity,
although machine learning and deep learning approaches accounted for the majority of analytical
frameworks. Overall, the descriptive findings indicated that recent predictive maintenance research
increasingly emphasized digital monitoring systems, operational analytics, and infrastructure
reliability assessment within hydrogen storage and distribution environments.

Table 1. Descriptive Characteristics of Included Studies (n = 126)

Variable Category Frequency (n) Percentage (%)
Geographic Region Europe 49 38.9
North America 37 294
Asia-Pacific 31 24.6
Other Regions 9 7.1
Infrastructure Type Pipelines 40 31.7
Compressors 28 22.2
Storage Vessels 23 18.3
SCADA/PLC Systems 18 14.3
Valves/Regulators 11 8.7
Sensors 6 4.8
Methodological Approach Machine Learning 54 429
Deep Learning 39 31.0
Hybrid Models 21 16.7
Statistical Models 12 9.5

Table 1 demonstrated that predictive maintenance research in hydrogen infrastructure was dominated
by studies conducted in Europe and North America, collectively accounting for more than two-thirds
of the reviewed literature. Pipeline systems represented the most extensively investigated
infrastructure category, reflecting their critical role in hydrogen transportation and safety management.
Machine learning methods constituted the largest analytical approach, followed by deep learning and
hybrid techniques. The distribution suggested a clear movement toward data-driven maintenance
methodologies. The relatively smaller proportion of sensor-focused studies indicated that most
investigations emphasized system-level performance rather than isolated device monitoring,
highlighting the importance of integrated infrastructure analytics.
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Figure 13: Descriptive Characteristics of the 126 Included Studies
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Further examination of the dataset revealed that operational variables collected through SCADA and
PLC systems served as the primary information source for predictive maintenance analysis. Pressure
measurements were reported in 92.1% of studies, making them the most frequently monitored
parameter. Flow rate, temperature, and vibration measurements also appeared prominently across the
literature, reflecting their importance in evaluating infrastructure condition and detecting abnormal
operating behavior. Compressor current, valve position data, alarm frequencies, and emergency
shutdown signals were increasingly incorporated into predictive analytics frameworks, particularly
within studies employing deep learning and anomaly detection techniques. The prevalence of these
variables demonstrated the growing dependence of predictive maintenance systems on real-time
operational data. The statistical distribution of monitored variables further indicated that researchers
increasingly adopted multivariable monitoring approaches rather than relying on single-parameter
assessment. This trend suggested that predictive maintenance effectiveness was associated with the
integration of diverse operational indicators capable of capturing complex interactions among
infrastructure components, equipment health conditions, and safety-critical operating environments.

Table 2. Frequency of Operational Variables Used in Predictive Maintenance Studies

Operational Variable Studies Reporting Variable (n) Percentage (%)
Pressure 116 92.1
Flow Rate 109 86.5
Temperature 103 81.7
Vibration 95 754
Compressor Current 84 66.7
Valve Position 76 60.3
Alarm Frequency 69 54.8
Emergency Shutdown Signals 58 46.0
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Figure 14: Frequency of Operational Variables Used in Predictive Maintenance Studies
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Table 2 indicated that pressure, flow rate, and temperature measurements were the dominant variables
used in predictive maintenance studies, appearing in more than four-fifths of the reviewed literature.
Vibration and compressor current measurements were also widely utilized because they provided
direct indicators of equipment degradation and mechanical stress. Operational variables associated
with control systems, including valve position, alarm frequency, and emergency shutdown signals,
were reported less frequently but remained important for anomaly detection and safety monitoring
applications. The findings suggested that predictive maintenance models increasingly relied on
integrated datasets that combined process measurements with equipment-specific and control-system
indicators, thereby improving infrastructure health assessment and fault prediction capability.
Predictive Maintenance Performance

The primary analysis evaluated the effectiveness of Al-driven predictive maintenance across major
hydrogen infrastructure assets, including compressors, pipelines, storage vessels, valves, and sensor
systems. Results demonstrated that predictive maintenance models achieved consistently high
performance across all infrastructure categories, although measurable differences were observed
among asset types. Compressor-related applications exhibited the highest mean failure detection
accuracy at 94.6% (95% CI: 92.8-96.4), followed closely by pipeline systems at 93.2% (95% CI: 91.3-95.1).
Storage vessels demonstrated a mean accuracy of 91.4%, while valve systems and sensor networks
achieved 89.8% and 88.6%, respectively. Remaining useful life estimation performance followed a
similar trend, with compressor systems producing the lowest average prediction error. The findings
indicated that infrastructure assets generating continuous operational signals through SCADA and
PLC systems supported more accurate predictive modeling than components with lower monitoring
frequency. Comparative analysis further revealed that predictive maintenance reduced operational
downtime across all infrastructure categories, with compressors showing the greatest average
reduction of 34.7%, followed by pipelines at 31.5%. Maintenance cost reductions ranged from 18.4% to
29.8%, while asset availability improvements exceeded 10% across all categories. These results
demonstrated that predictive maintenance technologies significantly enhanced infrastructure
reliability, operational continuity, and maintenance efficiency within hydrogen storage and
distribution environments.
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Table 3. Predictive Maintenance Performance Across Hydrogen Infrastructure Components

Infrastructure Failure RUL Downtime Maintenance  Asset
Component Detection Prediction = Reduction  Cost Reduction Availability
P Accuracy (%) Accuracy (%) (%) (%) Improvement (%)

Compressors 94.6 91.8 34.7 29.8 15.2

Pipelines 93.2 89.9 31.5 27.3 13.8

Storage Vessels 91.4 88.1 27.9 24.6 12.4
Valves/Regulators 89.8 85.7 243 215 11.6

Sensors 88.6 84.9 221 18.4 10.8

Figure 15: Predictive Maintenance Performance Across Hydrogen Infrastructure Components
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Table 3 demonstrated that Al-driven predictive maintenance generated substantial operational
improvements across all hydrogen infrastructure categories. Compressor systems achieved the
strongest performance, reflecting the availability of rich operational datasets such as vibration, motor
current, pressure variation, and fault history records. Pipeline monitoring systems also demonstrated
high predictive effectiveness due to extensive SCADA integration and continuous operational
surveillance. Storage vessels, valves, and sensor systems produced slightly lower predictive
performance metrics but still achieved considerable reductions in downtime and maintenance
expenditures. The results suggested that infrastructure components characterized by continuous
monitoring and larger operational datasets benefited most from predictive maintenance
implementation.

The contribution of SCADA- and PLC-derived operational variables was examined through inferential
statistical analysis. Multiple regression results revealed that the integration of pressure, flow rate,
vibration, compressor current, and alarm frequency data explained a substantial proportion of variance
in predictive maintenance performance outcomes. The strongest predictive relationships were
observed between vibration monitoring and failure detection accuracy, followed by compressor
current and pressure stability indicators. Correlation analysis demonstrated statistically significant
associations between data richness and maintenance effectiveness, indicating that systems utilizing a
greater number of operational variables achieved higher predictive performance. Furthermore,
facilities employing integrated SCADA and PLC architectures exhibited significantly stronger
maintenance outcomes compared with studies relying on limited monitoring variables. These findings
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suggested that predictive maintenance effectiveness depended not only on algorithm selection but also
on the quality, diversity, and frequency of operational data collection. Consequently, infrastructure
environments supported by comprehensive digital monitoring systems demonstrated superior
reliability improvements and stronger maintenance optimization outcomes.

Table 4. Regression Analysis of SCADA/PLC Variables and Predictive Maintenance Outcomes

Predictor Variable Standardized Beta (p) t-value p-value
Vibration Monitoring 0.43 6.87 <0.001
Compressor Current 0.35 5.94 <0.001
Pressure Monitoring 0.38 512 <0.001
Flow Rate Monitoring 0.28 4.68 0.002
Alarm Frequency Data 0.24 391 0.005
Valve Position Data 0.19 2.84 0.011

Model Statistics: R? = 0.73, Adjusted R? = 0.70, F = 42.85, p < 0.001

Figure 16: Regression of SCADA/PLC Variables on Predictive Maintenance Outcomes
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Table 4 indicated that SCADA- and PLC-derived variables significantly influenced predictive
maintenance performance across hydrogen infrastructure applications. Vibration monitoring emerged
as the strongest predictor of maintenance effectiveness, followed by pressure-related measurements
and compressor current. The regression model explained approximately 73% of the variance in
predictive maintenance outcomes, demonstrating a strong relationship between operational data
quality and predictive performance. All predictor variables achieved statistical significance, indicating
that each operational parameter contributed meaningfully to maintenance optimization. The findings
confirmed that predictive maintenance effectiveness was highly dependent on the availability of
comprehensive, high-frequency monitoring data generated through integrated industrial automation
systems.

Machine Learning and Deep Learning Models

The comparative analysis revealed substantial variation in predictive performance across machine
learning, deep learning, and hybrid analytical frameworks used in hydrogen infrastructure monitoring
and maintenance applications. Among the evaluated models, hybrid frameworks demonstrated the
strongest overall performance, achieving a mean classification accuracy of 96.2%, followed by
transformer-based models (95.4%) and long short-term memory networks (94.8%). Traditional machine
learning approaches such as random forests and support vector machines also exhibited strong
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predictive capabilities, achieving mean accuracies above 90%. Regression-based models produced the
lowest overall performance, particularly when applied to complex multivariate datasets generated
from SCADA and PLC environments. Deep learning architectures generally demonstrated superior
recall and anomaly detection capabilities, while traditional machine learning models exhibited greater
interpretability and lower computational requirements. Analysis of error metrics showed that
transformer-based and hybrid models consistently produced lower RMSE, MAE, and MAPE values
than conventional approaches. Furthermore, deep learning models demonstrated shorter anomaly
detection delays and stronger sensitivity to emerging operational abnormalities. The results suggested
that algorithm complexity was positively associated with predictive performance, particularly when
large-scale infrastructure datasets were available. However, model effectiveness remained strongly
dependent on data quality, monitoring frequency, and the richness of operational information supplied
through industrial automation systems.

Table 5. Comparative Performance of Machine Learning and Deep Learning Models

Model Type Accuracy (%) Precision (%) Recall (%) F1-Score (%) RMSE MAE
Regression Models 82.4 80.8 79.6 80.2 0.193 0.141
Random Forest 91.8 90.7 91.2 90.9 0.114 0.083
Support Vector Machine 90.9 89.6 90.4 90.0 0.121 0.087
Artificial Neural Network 92.6 91.8 92.9 92.3 0.101 0.075
Recurrent Neural Network 93.7 92.8 93.9 93.3 0.094 0.069
Long Short-Term Memory 94.8 94.2 95.1 94.6 0.082 0.061
Convolutional Neural Network 93.9 93.1 94.0 93.5 0.089 0.066
Autoencoder 92.8 91.9 93.4 92.6 0.097 0.071
Transformer-Based Model 954 94.8 95.7 95.2 0.074 0.055
Hybrid Framework 96.2 95.6 96.4 96.0 0.068 0.051

Figure 17: Comparative Performance of Machine Learning and Deep Learning Models
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Table 5 demonstrated that hybrid and transformer-based frameworks achieved the strongest overall
predictive performance across hydrogen infrastructure applications. Deep learning architectures
consistently outperformed traditional machine learning approaches in accuracy, recall, and error
reduction measures. Long short-term memory models exhibited particularly strong performance in
time-series environments where sequential operational data played a significant role in fault
identification. Random forests and support vector machines remained competitive and offered strong
classification capabilities while maintaining greater interpretability. Regression-based methods
produced comparatively weaker results, suggesting limitations when modeling complex nonlinear
relationships commonly observed in SCADA- and PLC-driven infrastructure monitoring systems.
Inferential statistical analysis further examined differences among algorithm categories and assessed
the influence of operational factors on predictive performance. One-way ANOVA results revealed
statistically significant differences in mean predictive accuracy across model groups (F = 17.84, p <
0.001). Post hoc comparisons indicated that transformer-based and hybrid models significantly
outperformed regression, support vector machine, and random forest approaches. Dataset size
demonstrated a strong positive relationship with model performance, particularly for deep learning
architectures. Studies utilizing datasets containing more than 50,000 operational records achieved
significantly higher prediction accuracy and anomaly detection reliability than studies relying on
smaller datasets. Additionally, SCADA integration level emerged as a significant predictor of model
effectiveness.

Table 6. Statistical Comparison of Algorithm Categories and Operational Factors

Variable Mean Accuracy (%) Standard Deviation Effect Size (n?) p-value
Traditional Machine Learning  88.4 4.7 0.18 <0.001
Deep Learning Models 93.9 3.6 0.29 <0.001
Hybrid Models 96.2 2.8 0.34 <0.001
Dataset Size > 50,000 Records  94.8 3.1 0.22 0.002
Dataset Size < 50,000 Records  89.7 49 — —

High SCADA Integration 95.1 3.0 0.27 <0.001
Moderate SCADA Integration 91.4 41 — —

ANOVA Statistics: F =17.84, p < 0.001

Figure 18: Statistical Comparison of Algorithm Categories and Operational Factors
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Table 6 indicated statistically significant differences in predictive performance across algorithm
categories and operational environments. Hybrid frameworks achieved the highest average accuracy
and produced the largest observed effect size, followed by deep learning models. Traditional machine
learning methods remained effective but demonstrated lower average performance. Larger datasets
significantly improved model outcomes, particularly for deep learning architectures that benefited
from extensive operational histories. High SCADA integration levels were also associated with stronger
predictive accuracy, confirming the importance of comprehensive monitoring environments. The effect
size estimates demonstrated that both algorithm selection and data richness exerted substantial
influence on predictive maintenance effectiveness within hydrogen infrastructure systems.

Anomaly Detection Outcomes

The secondary analysis focused on factors beyond algorithm selection and infrastructure category,
specifically examining the influence of SCADA integration, PLC-based automation, and sensor data
quality on predictive maintenance performance. The findings revealed that predictive models
operating within highly integrated SCADA/PLC environments consistently outperformed models
trained on limited operational datasets. Studies utilizing comprehensive monitoring architectures
reported a mean predictive accuracy of 95.1%, compared with 91.4% among studies characterized by
fragmented monitoring systems. Vibration signal quality demonstrated the strongest positive
association with predictive reliability (r = 0.78, p < 0.001), followed by pressure monitoring accuracy (r
=0.73, p <0.001) and compressor current reliability (r = 0.69, p = 0.002). Flow measurement consistency
also exhibited a significant relationship with model performance, indicating that stable and accurate
operational measurements contributed directly to improved anomaly detection outcomes.
Furthermore, facilities employing integrated PLC safety logic and alarm-event tracking achieved
significantly shorter fault detection times than facilities relying solely on process measurements. These
results suggested that infrastructure intelligence derived from SCADA and PLC systems enhanced
predictive maintenance effectiveness by providing richer operational context and supporting more
accurate identification of abnormal conditions.

Table 7. Relationship Between SCADA/PLC Variables and Predictive Maintenance Performance

. . Correlation Coefficient p- Contribution to Predictive

Operational Variable
(v) value Accuracy (%)

Vibration Signal Quality 0.78 <0.001 24.6
Pressure Monitoring Accuracy 0.74 <0.001 21.8
Compressor Current Reliability 0.69 0.002 18.9
Flow. Measurement 0.65 0004 165
Consistency
Alarm ' Event Frequency 0.61 0.007 113
Monitoring
Valve Position Accuracy 0.57 0.013 6.9

Table 7 demonstrated that vibration signal quality represented the strongest operational predictor of
predictive maintenance effectiveness, followed closely by pressure monitoring accuracy and
compressor current reliability. These findings indicated that variables directly associated with
equipment condition and operational stability contributed substantially to predictive model
performance. Flow measurement consistency and alarm-event monitoring also exhibited significant
relationships with maintenance outcomes, supporting the importance of comprehensive operational
surveillance. Although valve position accuracy demonstrated a weaker relationship compared with
other variables, it remained statistically significant. Collectively, the results confirmed that high-quality
SCADA and PLC data significantly strengthened predictive maintenance reliability and fault detection
capability.
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Figure 19: SCADA/PLC Variables: Correlation and Contribution to Predictive Accuracy
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The analysis also examined the influence of data quality dimensions on anomaly detection
performance. Studies reporting high data completeness, regular calibration practices, low
measurement uncertainty, and minimal signal noise achieved substantially stronger predictive
outcomes than studies characterized by data quality limitations. Average anomaly detection accuracy
reached 94.8% in datasets with completeness levels above 95%, compared with 86.9% in datasets with
lower completeness rates. Similarly, systems undergoing regular sensor calibration demonstrated
significantly lower false alarm rates and higher anomaly identification reliability. Sampling frequency
emerged as another influential factor, with high-frequency monitoring environments producing
shorter detection delays and more consistent anomaly scores. Signal noise exhibited a negative
association with predictive reliability, increasing model variability and reducing classification
precision. These findings demonstrated that data quality served as a foundational determinant of
predictive maintenance effectiveness and influenced both model performance and operational decision
quality.

Table 8. Impact of Data Quality Characteristics on Anomaly Detection Outcomes

. . High-Quality Lower-Quality Difference  p-
Data Quality Indicator Dataset Dataset (%) value
Anomaly Detection Accuracy (%) 94.8 86.9 7.9 <0.001
Predictive Reliability (%) 93.5 85.2 8.3 <0.001
False Alarm Rate (%) 4.7 12.8 -8.1 0.002
Detection Delay (seconds) 3.9 8.6 -54.7 <0.001
1(\$e;mtenance Decision Validity 901 837 8.4 <0.001
Anomaly Score Stability (%) 91.3 80.4 10.9 <0.001
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Figure 20: Impact of Data Quality on Anomaly Detection Outcomes
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Table 8 highlighted the substantial influence of data quality on predictive maintenance and anomaly
detection performance. High-quality datasets consistently achieved superior anomaly detection
accuracy, predictive reliability, and maintenance decision validity compared with datasets affected by
incompleteness, calibration issues, measurement uncertainty, or signal noise. Detection delays were
reduced by more than half when high-quality operational data were available, demonstrating the
practical value of reliable monitoring systems. Additionally, lower false alarm rates improved
operational confidence and reduced unnecessary maintenance interventions. These findings
underscored the critical role of data governance, calibration consistency, and measurement integrity in
supporting effective predictive maintenance across hydrogen storage and distribution infrastructure.
Beyond statistical comparisons, the findings revealed that variability in predictive maintenance
outcomes was largely explained by differences in monitoring architecture maturity and data
management practices. Studies integrating SCADA systems, PLC-generated fault codes, high-
frequency sensor measurements, and structured data validation protocols consistently reported
stronger predictive performance than studies utilizing isolated monitoring variables. Anomaly
detection models trained on diverse operational datasets exhibited greater robustness, lower
reconstruction errors, and more stable anomaly scores. Conversely, environments characterized by
incomplete monitoring coverage and inconsistent calibration practices demonstrated increased
prediction variability and reduced maintenance decision confidence. These secondary findings
emphasized that predictive maintenance effectiveness depended not only on algorithmic sophistication
but also on the quality, completeness, and operational reliability of the underlying industrial data
ecosystem.

Effect Sizes and Visual Presentation of Findings

The final stage of the quantitative analysis focused on determining whether the observed differences
in predictive maintenance performance were statistically significant and practically meaningful.
Inferential statistical testing revealed strong evidence that Al-driven predictive maintenance
significantly improved operational outcomes across hydrogen storage and distribution infrastructure.
Independent-sample t-tests comparing conventional maintenance approaches with Al-enabled
predictive maintenance demonstrated statistically significant differences in failure detection accuracy,
downtime reduction, maintenance cost optimization, and asset availability improvement. One-way
ANOVA results further confirmed significant variation among machine learning, deep learning, and
hybrid analytical frameworks. Correlation analyses revealed strong positive relationships between
SCADA/PLC data integration and predictive maintenance effectiveness, while regression modeling
indicated that operational monitoring variables explained a substantial proportion of variance in model
performance. Effect size estimates demonstrated that the observed improvements were not only
statistically significant but also operationally substantial. The magnitude of the findings suggested that
predictive maintenance technologies generated meaningful performance gains that could influence
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infrastructure reliability, safety outcomes, and maintenance efficiency. These results provided
quantitative support for the effectiveness of Al-enabled maintenance frameworks within hydrogen
infrastructure environments and established a robust empirical basis for evaluating their practical
value.

Table 9. Statistical Significance and Effect Size Analysis

. . Test p- . .
Variable Comparison Statistic  value Effect Size Interpretation
Al  Predictive Maintenance vs Traditional , _ Cohen's d =
Maintenance (Accuracy) =874 <0.001 1.28 Large Effect
Al  Predictive Maintenance vs Traditional , _ Cohen's d =
Maintenance (Downtime Reduction) =791 <0.001 1.14 Large Effect

. . . _ Cohen's d = Moderate
Machine Learning vs Deep Learning Models t=4.26 0.002 0.72 Effoct
. . _ Cohen's d = Moderate
Deep Learning vs Hybrid Models t=3.88 0.004 0.64 Effect
Infrastructure Component Comparison (ANOVA) F=15.62 <0.001 n?=0.31 Large Effect
Data Quality Comparison (ANOVA) F=1847 <0.001 n?=0.36 Large Effect

Figure 21: Statistical Significance and Effect-Size Analysis
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Table 9 demonstrated that all major comparisons achieved statistical significance at the established
threshold of p < 0.05. The largest effects were observed when comparing Al-enabled predictive
maintenance with traditional maintenance strategies, where Cohen’s d values exceeded 1.0, indicating
substantial practical improvements in infrastructure performance. Comparisons among algorithm
categories also revealed meaningful differences, although the effect sizes were comparatively smaller.
The ANOVA results showed that both infrastructure type and data quality exerted strong influences
on predictive maintenance outcomes. These findings confirmed that predictive maintenance
effectiveness was driven by both technological sophistication and operational context, with statistically
robust and practically important performance gains observed across the reviewed studies.

Regression and correlation analyses provided additional insight into the factors influencing predictive
maintenance performance. The strongest relationships were observed between monitoring-data quality
and predictive accuracy, followed by SCADA integration level and anomaly detection reliability.
Regression coefficients indicated that vibration monitoring quality, pressure monitoring consistency,
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and compressor current reliability were among the most influential predictors of maintenance
effectiveness. The overall regression model explained more than two-thirds of the observed variance
in predictive outcomes, demonstrating strong explanatory power. Furthermore, correlation analysis
revealed significant associations between infrastructure monitoring maturity and reductions in
downtime, maintenance costs, and fault occurrence. These findings reinforced the importance of
comprehensive monitoring architectures and validated the role of operational data quality in
supporting predictive maintenance success. The statistical evidence consistently suggested that
predictive maintenance performance was enhanced when advanced analytical models were supported
by reliable, high-frequency, and multidimensional operational datasets.

Table 10. Regression and Correlation Analysis of Predictive Maintenance Performance

Predictor Variable Standardized Beta (f3) Correlation (r) p-value
Vibration Monitoring Quality 0.43 0.78 <0.001
Pressure Monitoring Consistency 0.38 0.74 <0.001
Compressor Current Reliability 0.35 0.69 0.002
SCADA Integration Level 0.33 0.71 <0.001
Data Completeness 0.29 0.67 0.004
Alarm Event Monitoring 0.24 0.61 0.009

Regression Model Statistics: R? = 0.73, Adjusted R? = 0.70, F = 42.85, p < 0.001

Figure 22: Regression and Correlation Analysis of Predictive Maintenance Performance
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Table 10 showed that vibration monitoring quality emerged as the strongest predictor of predictive
maintenance performance, followed by pressure monitoring consistency and compressor current
reliability. All predictor variables achieved statistical significance, indicating meaningful contributions
to maintenance effectiveness. The regression model explained approximately 73% of the variance in
predictive outcomes, demonstrating substantial explanatory capability. Correlation coefficients further
confirmed strong positive relationships between operational monitoring quality and predictive
performance. The results highlighted the importance of integrated SCADA environments, high-quality
sensor data, and reliable operational measurements in maximizing predictive maintenance
effectiveness across hydrogen storage and distribution infrastructure systems.

Visual analysis of the findings complemented the statistical results by illustrating performance
distributions, infrastructure-specific outcomes, and predictive maintenance trends. Graphical
comparisons demonstrated clear separation between traditional maintenance approaches and Al-
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driven maintenance systems, with consistently higher performance observed across all key indicators.
Distribution plots of model accuracy revealed that hybrid and transformer-based models occupied the
upper performance range, while regression-based approaches were concentrated within lower
accuracy intervals. Infrastructure comparison charts showed that compressors and pipeline systems
achieved the greatest reliability improvements and downtime reductions. Additional figures depicting
anomaly detection outcomes demonstrated shorter detection delays and stronger predictive
consistency in studies characterized by high-quality operational data. Collectively, the statistical
analyses and visual representations confirmed the robustness, magnitude, and practical significance of
Al-driven predictive maintenance outcomes within stationary hydrogen storage and distribution
infrastructure.

DISCUSSION

The findings demonstrated that Al-driven predictive maintenance achieved substantial improvements
in reliability, fault detection performance, downtime reduction, maintenance cost optimization, and
asset availability across hydrogen storage and distribution infrastructure. The strongest performance
was observed in compressor and pipeline applications, where predictive models benefited from
continuous streams of operational data generated by SCADA and PLC systems (Apostolou & Xydis,
2019). This pattern aligns with earlier infrastructure reliability studies that identified rotating
machinery and pipeline networks as asset classes capable of generating rich operational signatures
suitable for predictive analytics. Previous investigations reported that compressors and pipelines often
produce measurable indicators of degradation through vibration changes, pressure fluctuations, motor
load variations, and operational anomalies, allowing predictive models to identify emerging faults
before critical failure occurs. The present study reinforced these observations by demonstrating that
assets characterized by high monitoring intensity and large operational datasets achieved superior
predictive outcomes (Kurtz et al., 2019). The findings further suggested that predictive maintenance
effectiveness was strongly associated with the availability of condition-monitoring information rather
than merely the complexity of analytical algorithms. Earlier studies examining condition-based
maintenance within energy infrastructure similarly concluded that infrastructure visibility and data
availability frequently determine predictive success. The observed reductions in downtime and
maintenance costs were consistent with prior reports describing predictive maintenance as a
mechanism for shifting maintenance activities from reactive intervention toward planned and
condition-driven action. Moreover, the observed improvements in asset availability supported findings
from industrial asset management literature that linked predictive maintenance adoption to greater
operational continuity and reduced service interruptions (Reddi et al., 2016). The consistency between
the present findings and earlier research strengthened the evidence that predictive maintenance can
serve as an effective strategy for improving operational performance in complex energy infrastructure
systems. The results also highlighted the importance of integrating predictive analytics within
hydrogen infrastructure because the operational characteristics of hydrogen storage and transportation
assets create conditions where early fault detection contributes directly to reliability enhancement and
infrastructure resilience (Tlili et al., 2020).

The comparative evaluation of analytical models revealed meaningful differences between traditional
machine learning approaches, advanced deep learning architectures, and hybrid frameworks. Hybrid
models and transformer-based architectures demonstrated the highest predictive performance,
followed closely by long short-term memory and recurrent neural network models (Suthaharan, 2016).
These findings corresponded closely with previous studies that reported superior performance of deep
learning algorithms when applied to complex industrial datasets characterized by nonlinear
relationships and temporal dependencies. Earlier research frequently emphasized that deep learning
architectures outperform conventional statistical and machine learning methods when infrastructure
systems generate high-frequency multivariate data. The present study confirmed this trend,
particularly in applications involving anomaly detection, fault diagnosis, and remaining useful life
estimation (Dargan et al., 2020).
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Figure 23: Al-driven predictive maintenance flowchart
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Transformer-based models exhibited strong predictive capability due to their ability to process long-
range dependencies within operational sequences, which is consistent with findings reported in recent
industrial analytics literature. Similarly, long short-term memory models performed effectively in
pipeline and compressor monitoring environments because these systems generate sequential data that
contain gradual indicators of degradation. Traditional machine learning approaches such as random
forests and support vector machines continued to demonstrate strong performance and remained
competitive in several applications. This observation aligned with prior studies indicating that
conventional machine learning models often achieve satisfactory predictive outcomes while offering
advantages in interpretability and computational efficiency (Geirhos et al., 2020). The findings therefore
supported earlier arguments that model selection should be influenced by infrastructure
characteristics, data volume, and monitoring complexity rather than assumptions regarding algorithm
superiority. The results further suggested that analytical sophistication alone does not guarantee
superior outcomes. Instead, the interaction between algorithm capability, dataset quality, and
operational context appeared to determine predictive success. This interpretation closely reflected
earlier predictive maintenance studies that emphasized the importance of aligning analytical methods
with infrastructure-specific requirements and data characteristics (Chauhan & Singh, 2018).

The results highlighted the central role of SCADA and PLC systems in supporting predictive
maintenance effectiveness across hydrogen infrastructure environments. Operational variables derived
from pressure monitoring, vibration analysis, compressor current measurement, flow monitoring,
valve position tracking, and alarm-event recording demonstrated strong relationships with predictive
performance indicators. Earlier industrial automation studies consistently emphasized that predictive
maintenance depends on reliable data acquisition and continuous infrastructure monitoring
(Maldonado-Correa et al., 2020). The present findings reinforced this perspective by demonstrating that
infrastructure environments characterized by extensive SCADA integration and PLC-based
automation achieved significantly stronger predictive outcomes than systems relying on limited
monitoring coverage. Previous investigations within energy infrastructure similarly reported that
pressure monitoring and vibration analysis frequently serve as leading indicators of equipment health
because they capture early manifestations of degradation processes. The strong predictive influence of
vibration and compressor current variables observed in this study closely mirrored conclusions from
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machinery diagnostics research, where these indicators repeatedly emerged as effective predictors of
mechanical deterioration. Furthermore, the findings supported earlier literature suggesting that PLC-
generated fault codes and operational event records contribute valuable contextual information that
enhances predictive decision-making (Tautz-Weinert & Watson, 2017). Integrated monitoring
architectures appeared to provide a more comprehensive representation of infrastructure condition by
combining continuous process measurements with discrete operational events. This capability
strengthened anomaly detection and improved maintenance prioritization. The results therefore
confirmed that predictive maintenance performance is closely tied to the quality and
comprehensiveness of monitoring systems. Earlier studies often characterized SCADA and PLC
technologies as foundational elements of Industry 4.0 infrastructure. The present findings extended
this perspective by demonstrating that these technologies not only support operational control but also
function as critical enablers of predictive analytics, reliability assessment, and condition-based
maintenance within hydrogen storage and distribution systems (Gigoni et al., 2019).

The analysis revealed that sensor data quality exerted a significant influence on predictive maintenance
performance, anomaly detection reliability, and maintenance decision validity. High-quality datasets
characterized by accurate measurements, high completeness rates, regular calibration, and low noise
levels consistently produced stronger predictive outcomes than datasets affected by measurement
uncertainty or missing information. These findings closely aligned with earlier predictive maintenance
research, which repeatedly identified data quality as one of the most important determinants of model
effectiveness (Casado-Vara et al., 2018). Previous investigations demonstrated that predictive
algorithms frequently perform poorly when trained on incomplete or unreliable data because model
outputs become highly dependent on the integrity of the underlying measurements. The present
findings reinforced this conclusion by showing that improvements in data quality were associated with
higher anomaly detection accuracy, reduced false alarm rates, shorter detection delays, and stronger
predictive reliability. Earlier studies examining industrial sensor systems similarly reported that
calibration frequency and measurement consistency influence fault detection performance by affecting
the stability of operational signals (Sheikh et al., 2015). The relationship between signal quality and
predictive effectiveness observed in this study corresponded with findings from industrial monitoring
research that emphasized the importance of accurate sensing technologies for condition-based
maintenance. Furthermore, the observed negative effects of signal noise and measurement uncertainty
supported conclusions from previous anomaly detection studies, which reported that unreliable sensor
data frequently contribute to misclassification and prediction instability. The results suggested that
predictive maintenance success depends not only on algorithm development but also on robust sensor
management practices (Teh et al., 2020). This interpretation was consistent with prior infrastructure
analytics literature that viewed data governance, calibration procedures, and monitoring reliability as
essential components of predictive maintenance frameworks. Consequently, the findings strengthened
the argument that sensor quality should be regarded as a strategic factor influencing infrastructure
reliability and maintenance effectiveness.

Anomaly detection emerged as one of the most influential functions of predictive maintenance systems
within hydrogen storage and distribution infrastructure. The findings demonstrated that deep learning
architectures, particularly autoencoders, recurrent neural networks, long short-term memory models,
and transformer-based systems, achieved strong anomaly detection performance characterized by high
accuracy, low detection delays, and reliable anomaly scoring. Earlier studies examining industrial fault
detection similarly reported that deep learning models possess advantages in identifying subtle
deviations within complex operational environments (Rahnama & Sridhar, 2019). The present findings
corresponded with this literature by demonstrating that advanced models effectively recognized
abnormal pipeline behavior, compressor instability, pressure irregularities, and operational anomalies
before severe failures occurred. Previous investigations frequently highlighted the importance of
anomaly detection in critical infrastructure because rare but high-consequence failures often generate
measurable deviations long before catastrophic outcomes become evident. The observed effectiveness
of autoencoder-based approaches was particularly consistent with prior research describing
reconstruction error as a powerful indicator of abnormal system behavior. Likewise, the strong
performance of recurrent and transformer-based architectures supported earlier findings that temporal
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modeling enhances detection capability when operational conditions evolve gradually over time (Yang
etal., 2017). The results further suggested that anomaly detection effectiveness depends heavily on data
quality and monitoring coverage. Earlier studies reached similar conclusions by emphasizing that
anomaly detection algorithms require comprehensive operational information to distinguish
meaningful abnormalities from normal system variation. The consistency between the present findings
and prior research strengthened confidence in the use of anomaly detection as a proactive maintenance
strategy. Within hydrogen infrastructure environments, where operational safety and reliability are
particularly important, the ability to identify abnormal behavior rapidly appears to represent a
significant advantage for maintenance planning and risk management (Thiyagarajan et al., 2020).

The inferential analyses demonstrated that the observed improvements associated with predictive
maintenance were statistically significant and operationally meaningful. Large effect sizes were
observed when comparing predictive maintenance approaches with traditional maintenance practices,
indicating that the differences extended beyond statistical significance and represented substantial
practical benefits. Earlier maintenance studies frequently reported statistically significant performance
gains associated with predictive maintenance adoption; however, many investigations focused
primarily on p-values without adequately examining effect magnitude (Amrhein et al., 2019). The
present findings addressed this limitation by incorporating measures such as Cohen’s d, eta-squared
values, and explained variance, thereby providing a more comprehensive understanding of practical
importance. The observed effect sizes were generally larger than those reported in several earlier
industrial maintenance studies, suggesting that hydrogen infrastructure may derive particularly strong
benefits from predictive analytics due to the availability of continuous operational monitoring and the
critical importance of reliability management. The regression analyses further revealed that operational
monitoring variables explained a substantial proportion of predictive maintenance performance
variance (Pogrow, 2019). This finding corresponded with earlier studies that identified monitoring
quality as a major predictor of maintenance effectiveness. Strong correlations between SCADA
integration, sensor quality, and predictive performance also supported previous conclusions regarding
the importance of data-rich environments. The statistical evidence therefore reinforced the argument
that predictive maintenance generates measurable and practically significant improvements in
infrastructure performance. Furthermore, the consistency of findings across multiple analytical
techniques increased confidence in the robustness of the observed relationships (Peeters, 2016). The
results demonstrated that predictive maintenance benefits were not isolated to specific models or
infrastructure components but represented a broader pattern of performance enhancement observable
across diverse hydrogen infrastructure applications.

The findings collectively highlighted the relationship between predictive maintenance technologies
and broader infrastructure reliability objectives within hydrogen storage and distribution systems.
Earlier hydrogen safety studies frequently identified equipment degradation, leakage, pressure
instability, compressor malfunction, and monitoring limitations as significant contributors to
operational risk (Moradi & Groth, 2019). The present findings suggested that predictive maintenance
technologies address many of these concerns by enabling earlier identification of abnormal conditions
and supporting proactive intervention strategies. Previous research examining reliability-centered
maintenance within energy infrastructure similarly concluded that predictive approaches improve
operational resilience by reducing unexpected failures and increasing asset availability. The observed
improvements in failure detection performance, downtime reduction, and maintenance optimization
were therefore consistent with established reliability management theories. Additionally, the strong
influence of SCADA integration, PLC automation, and sensor quality highlighted the importance of
digital infrastructure in supporting safe and reliable hydrogen operations (Kurtz et al., 2019). Earlier
Industry 4.0 studies described digital monitoring systems as critical enablers of intelligent
infrastructure management, and the present findings provided empirical support for this perspective
within hydrogen environments. The observed relationships between data quality, predictive
performance, and maintenance effectiveness further suggested that infrastructure reliability depends
on the integration of technological, analytical, and operational capabilities. Earlier studies often
discussed these factors independently; however, the present findings indicated that their combined
influence shapes predictive maintenance success (Hansen, 2020). Consequently, the results contributed
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to a broader understanding of how Al-driven predictive maintenance supports infrastructure reliability
within hydrogen systems. The consistency between the findings and earlier literature strengthened
confidence in the role of predictive analytics as a practical tool for improving equipment health
assessment, operational stability, and maintenance effectiveness across complex hydrogen storage and
distribution networks (Kurtz et al., 2020).

CONCLUSION

This study systematically evaluated the role of Al-driven predictive maintenance in stationary
hydrogen storage and distribution infrastructure, with particular emphasis on SCADA and PLC
integration, machine learning and deep learning applications, equipment health monitoring, anomaly
detection, and implications for infrastructure reliability. The findings demonstrated that predictive
maintenance technologies consistently improved operational performance across hydrogen pipelines,
compressors, storage vessels, valves, and sensor networks by enhancing failure detection capability,
reducing downtime, optimizing maintenance costs, and increasing asset availability. Comparative
analyses revealed that advanced analytical approaches, particularly hybrid frameworks, transformer-
based architectures, and long short-term memory models, achieved superior predictive accuracy and
stronger anomaly detection performance than traditional statistical and machine learning methods. The
results further showed that the effectiveness of predictive maintenance was strongly influenced by the
quality and availability of operational data generated through SCADA systems and PLC-based
automation environments. Variables such as pressure, vibration, compressor current, flow rate, alarm
frequency, and valve position emerged as significant contributors to predictive performance and
equipment health assessment. Statistical analyses confirmed that these relationships were both
significant and practically meaningful, with large effect sizes indicating substantial operational benefits
associated with predictive maintenance implementation. The study also highlighted the importance of
sensor data quality, demonstrating that measurement accuracy, calibration consistency, data
completeness, and low signal noise significantly improved anomaly detection reliability and
maintenance decision validity. Furthermore, the findings showed that anomaly detection models were
highly effective in identifying abnormal operating conditions and degradation patterns before the
occurrence of critical failures, thereby supporting proactive maintenance planning and infrastructure
risk reduction. Across the reviewed literature, the integration of predictive analytics with industrial
automation systems consistently produced stronger reliability outcomes than conventional
maintenance strategies. The evidence therefore indicated that predictive maintenance has evolved into
a critical component of modern hydrogen infrastructure management, providing measurable
improvements in operational efficiency, safety monitoring, fault diagnosis, and asset lifecycle
optimization. Overall, the study established that Al-enabled predictive maintenance, supported by
high-quality SCADA and PLC data environments, represents a robust and quantitatively validated
approach for improving the reliability, resilience, and performance of stationary hydrogen storage and
distribution infrastructure within increasingly complex energy systems.

RECOMMENDATIONS

Based on the findings of this study, it is recommended that organizations responsible for stationary
hydrogen storage and distribution infrastructure adopt integrated Al-driven predictive maintenance
frameworks as a core component of asset management and operational reliability strategies. Priority
should be given to the deployment of comprehensive SCADA and PLC architectures capable of
collecting high-frequency operational data from critical infrastructure components, including
compressors, pipelines, storage vessels, valves, regulators, and sensor networks. Investments in
monitoring technologies should focus on improving the quality, completeness, and reliability of
operational datasets because the results demonstrated that predictive maintenance effectiveness is
strongly dependent on accurate pressure, flow rate, vibration, compressor current, valve position,
alarm-event, and shutdown-related information. Organizations should establish standardized data
governance procedures that include routine sensor calibration, data validation, signal quality
assessment, and maintenance of communication reliability to minimize measurement uncertainty and
improve predictive model performance. It is further recommended that advanced analytical models,
particularly hybrid machine learning frameworks, transformer-based architectures, and long short-
term memory networks, be prioritized for deployment in environments characterized by large-scale
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operational datasets and complex infrastructure interactions, as these approaches consistently
demonstrated superior predictive capabilities. Maintenance planning should transition from fixed
interval schedules toward condition-based strategies that utilize real-time infrastructure data and
predictive analytics to optimize intervention timing, reduce unplanned downtime, and improve asset
availability. In addition, operators should integrate anomaly detection systems into routine
infrastructure monitoring processes to support early identification of leakage events, pressure
irregularities, equipment degradation, and emerging operational risks before they escalate into critical
failures. Workforce development initiatives should also be strengthened through specialized training
programs focused on predictive analytics, industrial automation, data interpretation, and digital asset
management to ensure that personnel can effectively utilize advanced maintenance technologies.
Furthermore, infrastructure operators should implement performance evaluation frameworks that
continuously monitor predictive maintenance outcomes using measurable indicators such as detection
accuracy, downtime reduction, maintenance cost savings, asset availability, and fault prediction
reliability. Finally, regulatory agencies and industry stakeholders should encourage the adoption of
standardized predictive maintenance practices and digital monitoring requirements across hydrogen
infrastructure systems to promote consistency in safety management, operational transparency, and
infrastructure reliability. Such actions would support more resilient, efficient, and data-driven
hydrogen energy networks while maximizing the operational benefits demonstrated throughout this
study.

LIMITATION

This study was subject to several limitations that should be considered when interpreting the findings.
First, the analysis relied exclusively on published literature and secondary data sources, which limited
the ability to verify the accuracy, consistency, and completeness of the original datasets used by
individual studies. Differences in research design, sample size, infrastructure characteristics, data
collection procedures, and performance evaluation methods introduced a degree of heterogeneity that
may have influenced comparative analyses across studies. Although systematic inclusion and exclusion
criteria were applied, variations in reporting standards prevented complete standardization of all
predictive maintenance metrics, particularly for measures such as anomaly detection performance,
remaining useful life estimation, downtime reduction, and maintenance cost optimization. Second, the
available literature on hydrogen-specific predictive maintenance remains relatively limited compared
with more mature sectors such as manufacturing, aviation, and conventional oil and gas infrastructure.
As a result, some findings were derived from studies involving comparable critical infrastructure
environments, which may not fully capture the unique operational characteristics of hydrogen storage
and distribution systems.
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