


Reliability Assessment of Mobile Air Compressor Components Using Monte Carlo Simulation: A Four-Year Performance Analysis

[bookmark: _GoBack]ABSTRACT 
This study presents a comprehensive reliability assessment of critical components of mobile air compressor systems using Monte Carlo simulation over a four-year operational period (2021–2024). Operational failure and maintenance records were analyzed for four key components, namely valves, filters, radiators, and air hoses, to estimate essential reliability indices, including mean time between failure (MTBF), failure rate, availability, and reliability. The results reveal a progressive degradation in component performance throughout the study period. Valve reliability declined sharply from 13.1% in 2021 to 2.3% in 2024, accompanied by a reduction in MTBF from 496 to 168 hours. Filters exhibited the poorest performance, with reliability decreasing from 6.6% to 1.7% and MTBF falling from 372 to 156.8 hours, indicating a high susceptibility to failure. Radiators demonstrated comparatively higher reliability, with an initial value of 18.3%, although this declined to 5.2% by 2024. Air hoses showed moderate performance, with reliability decreasing from 13.0% to 6.8% over the same period. Despite consistently high availability levels exceeding 90% across all components, the low reliability values highlight significant underlying performance deficiencies. The observed deterioration trends suggest the predominance of reactive, run-to-failure maintenance practices. The findings underscore the need for a transition to proactive maintenance strategies, including component-specific preventive maintenance schedules and systematic maintenance performance tracking, to enhance system reliability and operational efficiency. This study provides practical insights for maintenance optimization and supports data-driven decision-making in industrial compressor operations.
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1. INTRODUCTION 
Mobile air compressors play a vital role in industrial and construction environments by supplying compressed air for pneumatic tools, manufacturing processes, and on-site operations. Their operational reliability directly influences productivity, cost efficiency, and workplace safety, particularly in mobile and remote applications where redundancy options are limited (Salomone-González, 2025). As a result, ensuring the dependable performance of these systems remains a critical concern for industrial operators. Failures in mobile air compressor systems often lead to unplanned downtime, elevated maintenance costs, degraded process quality, and increased safety risks (Yazdi, 2024). These consequences are exacerbated when failures occur unexpectedly under demanding operational conditions. Consequently, understanding the reliability characteristics and degradation behavior of key compressor components is essential for effective maintenance planning and sustained system performance.
Reliability engineering provides a quantitative foundation for evaluating equipment health, estimating failure probabilities, and optimizing maintenance policies (Payette & Abdul-Nour, 2023). By applying reliability-based methods, organizations can move beyond reactive maintenance toward preventive and predictive strategies that reduce downtime and extend asset life. Recent studies have demonstrated that data-driven reliability analysis and maintenance optimization significantly improve system dependability and lifecycle performance across a wide range of industrial assets (Wang et al.,  2023; Cheikh et al.,  2024).
Among the available probabilistic techniques, Monte Carlo simulation has emerged as a powerful tool for reliability assessment in systems characterized by multiple failure modes, operational uncertainty, and non-deterministic degradation patterns (Abud et al.,  2022; Afzali et al.,  2024). Unlike analytical or deterministic models that rely on fixed assumptions, Monte Carlo simulations capture stochastic variability in failure behavior by repeatedly sampling from historical data distributions. This capability makes it particularly suitable for industrial systems with irregular failure intervals, heterogeneous component lifetimes, and evolving maintenance practices (Pokorádi, 2024; Yazdi, 2024). Monte Carlo–based approaches have been successfully applied to evaluate failure probabilities, maintenance strategies, and system availability under uncertainty, providing realistic insights for maintenance decision-making.
Several recent studies have explored reliability analysis and advanced maintenance strategies for industrial equipment (Geisbush & Ariaratnam, 2023; Garcia et al.,  2025). Reliability-centered maintenance (RCM) frameworks have been employed to optimize compressor maintenance using reliability indices and corrective maintenance data (Omozuhiomwen et al.,  2025). In parallel, predictive maintenance approaches leveraging data-driven and machine learning techniques have gained attention for enhancing fault detection and maintenance scheduling (Palma et al.,  2025). While these studies demonstrate the value of advanced maintenance methodologies, most existing research either focuses on stationary systems, short-term datasets, or aggregated system-level reliability metrics, with limited emphasis on long-term, component-level reliability behavior of mobile air compressors under real operating conditions (Momani et al.,  2024).
Key compressor components, including air hoses, filters, radiators, and valves, play distinct and critical roles in system functionality (Ghaisas, 2025). Air hoses transport compressed air to end-use points, and their integrity is essential for maintaining pressure stability and operational efficiency (Botts et al., 2024). Filters prevent contaminants from entering internal components, directly affecting performance and equipment longevity (Novitskyi, 2024). Radiators regulate operating temperature and mitigate overheating-related failures (Pilicita et al., 2025), while valves control airflow and pressure, influencing both system performance and operational safety (Cană et al., 2025). Component-specific reliability assessment is therefore necessary to prioritize maintenance actions and allocate resources effectively.
In many industrial environments, maintenance practices remain predominantly reactive, with components operated until failure and subsequently repaired. Although this approach may appear cost-effective in the short term, it often results in frequent failures, unplanned downtime, and accelerated component degradation over time. Under such maintenance regimes, reliability typically declines while availability may remain artificially high due to rapid corrective interventions and short repair durations. This disparity highlights the limitations of availability-based performance assessment and underscores the need for reliability-centered evaluation frameworks (Moemenishahraki, 2025).
Against this background, the present study addresses an important gap in the literature by applying Monte Carlo simulation to conduct a long-term, component-level reliability assessment of mobile air compressor systems using four years of real operational and maintenance data (2021–2024). The primary objective is to evaluate key reliability metrics, such as mean time between failure (MTBF), failure rate, reliability and unreliability, availability and unavailability, for valves, filters, radiators, and air hoses. By identifying component-specific degradation trends and linking them to prevailing maintenance practices, the study provides empirical evidence to support the transition from reactive to proactive maintenance strategies. The findings offer practical guidance for maintenance engineers and reliability professionals and demonstrate the broader applicability of Monte Carlo–based reliability assessment for industrial asset management.

2. METHODOLOGY
2.1. Research Design
This study adopted a quantitative, longitudinal research design to evaluate the reliability performance of critical components of a mobile air compressor system over a four-year operational period (2021–2024). A longitudinal framework was employed to capture temporal degradation trends, evolving failure behavior, and maintenance impacts across successive years. The analysis was grounded in Monte Carlo simulation, which served as the principal analytical technique for estimating reliability indices and modeling stochastic failure behavior under real operating conditions.
Monte Carlo simulation was selected for its suitability to systems characterized by uncertain failure mechanisms, irregular failure intervals, and multiple interacting components. Unlike deterministic or purely analytical reliability models, this probabilistic approach incorporates the inherent randomness in industrial equipment performance and maintenance processes, thereby providing realistic estimates of reliability metrics and uncertainty bounds (Modarres et al., 2016).

2.2 Equipment Description and Study Context
The investigation focused on a mobile air compressor deployed in an industrial operating environment, where continuous availability is essential for supporting pneumatic tools, manufacturing activities, and construction operations. Mobile compressors are subject to variable loading conditions, environmental exposure, and frequent relocation, which collectively contribute to complex and uncertain degradation patterns.
Four critical components were selected for analysis based on their functional importance and failure consequences:
· Valves, responsible for pressure regulation and flow control
· Filters, which prevent contaminant ingress and protect internal components
· Radiators, providing thermal regulation and preventing overheating
· Air hoses, delivering compressed air to end-use points
These components represent distinct subsystems control, protection, thermal management, and distribution/ensuring comprehensive coverage of the compressor’s operational architecture and enabling component-level reliability comparison.

2.3 Data Collection
2.3.1 Study Period and Operational Horizon
Data were collected continuously over a 48-month period from January 2021 to December 2024. Each annual interval comprised 8,760 operating hours, corresponding to uninterrupted 24-hour operation throughout the year. This extended duration enabled the assessment of long-term degradation behavior, cumulative wear effects, and maintenance-induced performance variations.
2.3.2 Operational and Failure Data
For each component, the following parameters were systematically recorded:
· Uptime (UT): Total hours during which the component operated without failure. Weekly uptime records were aggregated annually.
· Downtime (DT): Total hours during which the component was unavailable due to failure, including repair time and delays associated with spare parts or maintenance personnel.
· Failure Events: Each failure was documented with a timestamp, component identification, and failure mode description. A failure was defined as any event requiring corrective intervention to restore operational functionality.
Data were obtained from maintenance logs, production records, and automated condition-monitoring systems. To ensure accuracy and completeness, data validation involved cross-referencing multiple sources. Any inconsistencies were resolved through consultation with maintenance engineers and review of work-order documentation.

2.4 Reliability Parameters and Mathematical Formulation
Six reliability metrics were evaluated for each component across the study period.
i. Mean Time Between Failure (MTBF), which represented the average operating time between consecutive failures and was calculated as:
 =  	Eqn 1
In so doing indicating component durability; decreasing values reflect increasing failure frequency and progressive degradation.

ii. Failure Rate (λ). The failure rate quantifies the frequency of failures per unit operating time and was computed as:
     Eqn 2
Failure rates were expressed in failures per hour to allow standardized comparison across components and years.

iii. Reliability (R)
Reliability was defined as the probability that a component operates without failure for a specified time interval. Assuming an exponential failure distribution, reliability was calculated as (Ebeling, 2010):
 = 	 Eqn 3
where λ is the failure rate and t is the operating time.

iv. Unreliability (UR)
Unreliability represents the probability of failure within the specified time interval and was computed as:
	 Eqn 4

v. Availability (A)
Availability measures the proportion of time a component remains operational and was calculated as:

This metric reflects both failure frequency and repair effectiveness.

vi. Unavailability (UA)
Unavailability represents the proportion of time the component is non-functional:




2.5 Monte Carlo Simulation Procedure
Monte Carlo simulation was implemented to capture uncertainty in failure behavior and operational variability through repeated random sampling. The procedure comprised the following steps:
2.5.1 Data Preparation
Historical failure data were organized by component type and chronological order. Incomplete or unverifiable records were excluded following data cleaning protocols.
2.5.2 Distribution Selection
The exponential distribution was adopted to model time-to-failure behavior, consistent with components exhibiting random failures and constant hazard rates (Rausand & Høyland, 2004).
2.5.3 Parameter Estimation
Failure rate parameters were estimated using maximum likelihood estimation (MLE) based on observed failure data.
2.5.4 Simulation Execution
Monte Carlo simulations were performed by repeatedly sampling from the fitted distributions to generate stochastic realizations of component performance. A sufficiently large number of iterations was used to ensure convergence and numerical stability.
2.5.5 Output Aggregation
Simulation outputs were aggregated to obtain mean estimates and confidence intervals for each reliability metric, forming the basis for temporal and comparative analyses.

2.6 Data Analysis
2.6.1 Temporal Trend Analysis
Reliability metrics were analyzed longitudinally to identify performance trends across the four-year period. Year-to-year variations in MTBF, failure rate, reliability, and availability were quantified. Linear regression analysis was employed to examine the relationship between time and reliability parameters, enabling estimation of degradation rates.
2.6.2 Comparative Component Analysis
Component-level comparisons were conducted to identify elements requiring priority maintenance intervention. Components were ranked based on absolute reliability levels and rates of decline, with particular emphasis on components exhibiting reliability values below 10%, indicative of critical performance conditions.

2.6.3 Visualization
Bar charts and line plots were used to illustrate failure frequency, downtime, and reliability trends over time. These graphical representations facilitated pattern recognition and supported comparative interpretation.

3. RESULTS
The data obtained from the investigation of using reliability analysis to evaluate the performance of mobile air compressor components for a period of 4 years are represented in the table and figures, respectively. Table 1 indicates a progressive deterioration in air hose reliability over the study period. Mean time between failures (MTBF) declined from 496.0 hours in 2021 to 235.2 hours in 2024, accompanied by an increase in failure rate from 0.000684 to 0.00114 failures per hour. Consequently, system reliability decreased from 13.0% to 6.8%, while unavailability rose steadily. Within the Monte Carlo reliability modelling framework, these trends reflect a higher frequency of simulated failure events across stochastic iterations, driven by increasing downtime and aging effects. The model captures cumulative degradation realistically, demonstrating reduced probability of survival over the operating interval.

Table 1. Reliability Parameters for Air hose (2021–2024)
	Parameter
	2021
	2022
	2023
	2024

	Uptime, UT (hrs)
	2976
	2784
	2592
	2352

	Study Interval, SI (hrs)
	8760
	8760
	8760
	8760

	Downtime, DT (hrs)
	68
	72
	75
	79

	Mean Time Between Failures, MTBF (hrs)
	496.0
	397.7
	324.0
	235.2

	Failure Rate, FR (failures/hr)
	0.000684
	0.000799
	0.000913
	0.00114

	Reliability, R
	0.1300 (13.0%)
	0.1080 (10.8%)
	0.0930 (9.3%)
	0.0680 (6.8%)

	Unreliability, UR
	0.8700
	0.8920
	0.9070
	0.9320

	Availability, A
	0.9776
	0.9747
	0.9718
	0.9675

	Unavailability, UA
	0.0224
	0.0253
	0.0282
	0.0325


The results in Table 2 reveal a pronounced decline in filter performance over time. MTBF decreased sharply from 372.0 hours in 2021 to 156.8 hours in 2024, while the failure rate nearly doubled, reaching 0.00171 failures per hour. Reliability correspondingly fell from 6.6% to 1.7%, indicating a highly failure-prone component. From a Monte Carlo modelling perspective, these outcomes emerge from repeated random sampling of failure times, where increasing downtime probabilities amplify failure occurrences across simulations. The model effectively highlights filters as critical weak points, with escalating unreliability dominating system behaviour under stochastic operating conditions.

Table 2. Reliability Parameters for Filters (2021–2024)
	Parameter
	2021
	2022
	2023
	2024

	Uptime, UT (hrs)
	2976
	2784
	2592
	2352

	Study Interval, SI (hrs)
	8760
	8760
	8760
	8760

	Downtime, DT (hrs)
	76
	78
	82
	102

	Mean Time Between Failures, MTBF (hrs)
	372.0
	309.3
	199.3
	156.8

	Failure Rate, FR (failures/hr)
	0.000913
	0.00102
	0.00148
	0.00171

	Reliability, R
	0.0660 (6.6%)
	0.0580 (5.8%)
	0.0210 (2.1%)
	0.0170 (1.7%)

	Unreliability, UR
	0.9340
	0.9420
	0.9790
	0.9830

	Availability, A
	0.9750
	0.9727
	0.9689
	0.9584

	Unavailability, UA
	0.0250
	0.0273
	0.0311
	0.0416



Table 3 shows that radiators maintained comparatively higher reliability than other components, despite observable degradation. MTBF declined from 595.2 hours in 2021 to 213.8 hours in 2024, while reliability decreased from 18.3% to 5.2%. The gradual rise in failure rate suggests progressive wear rather than abrupt failure behaviour. In Monte Carlo simulations, this translates to longer survival times during early iterations, followed by increasing failure clustering in later years. The probabilistic approach captures both variability and aging effects, demonstrating how reliability erosion accumulates across multiple stochastic realizations of operating conditions.

Table 3. Reliability Parameters for Radiators (2021–2024)
	Parameter
	2021
	2022
	2023
	2024

	Uptime, UT (hrs)
	2976
	2784
	2592
	2152

	Study Interval, SI (hrs)
	8760
	8760
	8760
	8760

	Downtime, DT (hrs)
	67
	72
	77
	81

	Mean Time Between Failures, MTBF (hrs)
	595.2
	397.7
	288.0
	213.8

	Failure Rate, FR (failures/hr)
	0.000570
	0.000799
	0.00102
	0.00125

	Reliability, R
	0.1830 (18.3%)
	0.1080 (10.8%)
	0.0710 (7.1%)
	0.0520 (5.2%)

	Unreliability, UR
	0.8170
	0.8920
	0.9290
	0.9480

	Availability, A
	0.9779
	0.9747
	0.9711
	0.9667

	Unavailability, UA
	0.0221
	0.0253
	0.0289
	0.0333



As shown in Table 4, valve reliability declined substantially over the four years, with MTBF reducing from 496 hours in 2021 to 168 hours in 2024. Failure rate increased correspondingly, leading to a sharp reduction in reliability from 13.1% to 2.3% and a rise in unavailability to 4.59%. Within the Monte Carlo reliability modelling framework, these outcomes reflect an increased likelihood of failure events during randomly generated operational cycles. The model effectively captures the stochastic nature of valve failures, emphasizing how accumulated downtime and rising failure intensities degrade long-term system performance.

Table 4. Reliability Parameters for Values (2021–2024)
	Parameter
	2021
	2022
	2023
	2024

	Uptime, UT (hrs)
	2976
	2784
	2592
	2352

	Study Interval, SI (hrs)
	8760
	8760
	8760
	8760

	Downtime, DT (hrs)
	73
	83
	95
	113

	Mean Time Between Failures, MTBF (hrs)
	496
	348
	216
	168

	Failure Rate, FR (failures/hr)
	0.000684
	0.000913
	0.00136
	0.00159

	Reliability, R
	0.1307 (13.1%)
	0.0780 (7.8%)
	0.0299 (2.99%)
	0.0230 (2.3%)

	Unreliability, UR
	0.8693
	0.9220
	0.9710
	0.9770

	Availability, A
	0.9760
	0.9710
	0.9646
	0.9541

	Unavailability, UA
	0.0240
	0.0290
	0.0354
	0.0459



4. DISCUSSION
The long‑term reliability assessment of mobile air compressor components reveals clear patterns of degradation across all major subsystems, evidencing both statistical failure trends and practical implications for maintenance strategy. The Monte Carlo simulation framework used in this study allows for a probabilistic modeling of failure events that incorporates uncertainty and randomness inherent in operational data, avoiding oversimplified deterministic assumptions and reflecting real-world performance behavior (Pokorádi, 2024). This discussion interprets key findings from Tables 1–4 in this light and situates them within current reliability engineering research.
Air Hose Reliability Degradation (Table 1) demonstrated that the air hose component exhibits a pronounced and continuous decline in reliability over the four‑year study period. Mean time between failures (MTBF) dropped from 496.0 hours in 2021 to 235.2 hours in 2024, while the failure rate increased from 0.000684 to 0.00114 failures per hour. Consequently, reliability decreased from 13.0% to 6.8%, and unavailability rose from 2.24% to 3.25%. In Monte Carlo modeling, MTBF and failure rates directly influence the distribution of time‑to‑failure outcomes simulated across numerous iterations. As the model repeatedly samples random time‑to‑failure points based on historical input data, an increasing failure rate results in a higher probability of failure occurring earlier in simulated operational cycles, lowering the overall survival probability (Pokorádi, 2024). These simulation outputs reflect the empirical trend of reduced uptime and increasing downtime observed in the dataset. Air hoses are subject to mechanical fatigue, abrasion, and environmental stress, all of which contribute to random failures that Monte Carlo simulation captures through stochastic variability rather than fixed deterministic lifetimes (e.g., exponential or Weibull) alone, improving the realism of reliability estimation.
The decline in reliability has practical maintenance implications: increased failure frequency leads to more frequent service interventions, higher direct repair costs, and disrupted operations that are not fully captured by uptime alone. Because availability remained above 96.7% even in 2024, this suggests that corrective interventions are occurring quickly enough to maintain operational continuity, but the underlying risk of failure remains high. As reliability engineering theory emphasizes, availability reflects both reliability and maintainability (e.g., repair processes), meaning that high availability can mask deteriorating reliability if repair times are short (O’connor & Kleyner, 2025). In contexts where safety and performance consistency are essential, such as industrial pneumatic systems, the observed reliability degradation underscores a need to supplement reactive maintenance with predictive approaches that anticipate degradation before failure.
Filter Reliability and Failure Patterns exhibited the most severe reliability decline in this study (Table 2). MTBF decreased from 372.0 hours to 156.8 hours between 2021 and 2024, while the failure rate nearly doubled from 0.000913 to 0.00171 failures per hour. The corresponding reliability fell sharply from 6.6% to 1.7%, and unavailability more than doubled. These trends indicate frequent disruptions and rapid degradation of filter performance, likely due to accumulation of particulates, wear, and service conditions that accelerate failure. Monte Carlo simulation frameworks are particularly adept at modeling such components with high failure variability, as they do not require strict assumptions about fixed mean lifetimes but instead use empirical distributions sampled randomly to reflect observed variability in failure behavior (Lamouri et al., 2024). Through repeated simulation iterations, the stochastic model magnifies the impact of frequent failures, elevating the probability of early failure events and lowering overall reliability estimates.
The severe unreliability of filters suggests they are the most critical weak point within the compressor system. In reliability‑centered maintenance, components with low reliability and high failure frequency must be prioritized for intervention to prevent cascading effects on other subsystems (Omozuhiomwen et al., 2025). Frequent filter failure can lead to increased contamination of downstream components, amplifying wear and reducing the lifecycle of hoses, radiators, and valves. In practice, these findings support the implementation of condition‑based maintenance for filters, such as regular monitoring of pressure differentials and contaminant load, which can trigger servicing before failure occurs. Predictive models that incorporate real‑time sensor data, combined with Monte Carlo statistical projections, can improve forecasting of failure timing and optimize maintenance schedules accordingly (Liu et al., 2025).
Radiator Reliability Trends demonstrated higher reliability compared to hoses and filters (Table 3), with MTBF values declining from 595.2 to 213.8 hours over the study period. Reliability decreased from 18.3% to 5.2%, reflecting both aging and the cumulative effects of thermal stress cycles. Radiator failure behavior appears less abrupt than that of filters, suggesting a more gradual wear‑out process. In Monte Carlo simulations, this produces reliability curves with longer survival tails initially and increased clustering of earlier failure events in later years. The probabilistic approach accommodates such nuanced behavior by sampling time‑to‑failure distributions that embody both early and wear‑out failure modes, reflecting real operational patterns seen in thermal components of compressor systems (Pokorádi, 2024).
Although radiator reliability remains relatively higher, the rising unavailability and failure rate still point to significant degradation. From a maintenance strategy perspective, this performance pattern suggests that radiators benefit from routine inspection and thermal performance tracking rather than purely reactive servicing. Implementing thermal diagnostics, such as regular coolant checks or temperature anomaly detection, can reduce the risk of sudden failures and improve early warning capabilities. Integrating these diagnostics with Monte Carlo‑based reliability projections enables maintenance planners to assess the likelihood of failure under varying operational stress scenarios and prioritize components accordingly.
Valve Reliability and System Performance showed a steep decline in MTBF from 496 to 168 hours (Table 4), with failure rate rising from 0.000684 to 0.00159 failures per hour and reliability dropping from 13.1% to 2.3%. These metrics reflect a component experiencing both wear and frequent stress cycles due to pressure regulation demands. In Monte Carlo modeling, failures in valves contribute significantly to overall system unreliability, as simulated random failure events for valves often occur earlier in the operating timeline due to a high estimated hazard rate. Valve failure not only affects its own function but can propagate stress variations across the system, creating secondary failure risks in related components.
The valve data further illustrate a key strength of Monte Carlo reliability modeling: it does not merely calculate a single expected failure time but generates a distribution of possible failure outcomes that reflect real operational uncertainties and repeated interactions of random factors. This probabilistic perspective is especially important for components like valves whose failure behavior may be influenced by multiple interacting stressors that are difficult to characterize deterministically (Pokorádi, 2024). In practice, maintenance planners should consider valve reliability data when designing maintenance frequency, spare parts inventory, and redundancy strategies to mitigate sudden pressure regulation failures.
Synthesis across components taken together, the four component analyses reveal a consistent pattern of reliability degradation across the compressor system, with filters and valves showing the most severe declines. Even though overall system availability remains above 95% for each component, this figure alone can mislead without understanding the reliability context driving it. Availability metrics incorporate both reliability and maintainability (e.g., repair time), meaning high availability may coincide with low reliability if repairs are quick and frequent, as is likely in reactive maintenance regimes (Karaani et al., 2025).
The Monte Carlo approach used in this study proves particularly insightful because it incorporates the uncertainty of real‑world operating conditions and failure behavior. By generating multiple simulated scenarios based on input distributions derived from historical operational data, this methodology captures the variability of failure occurrences more realistically than deterministic models, which may oversimplify failure behavior or assume constant hazard rates. This probabilistic modeling aligns with contemporary research which emphasizes that simulation‑based maintenance systems outperform static maintenance planning approaches, enabling better prediction of failure timing and support for optimized maintenance scheduling (Liu et al., 2025).
From a strategic perspective, the observed reliability declines highlight limitations of reactive, run‑to‑failure maintenance practices. Frequent failures and rising failure rates increase overall lifecycle costs due to unplanned downtime and emergency repairs. Reliability engineering and maintenance optimization research suggests that integrating predictive maintenance techniques, supported by Monte Carlo reliability modeling, can reduce failure incidence and improve decision‑making (Omozuhiomwen et al., 2025). Predictive maintenance uses condition monitoring and statistical forecasting to anticipate failures, enabling interventions before severe degradation manifests, thus extending component lifetimes and lowering unplanned downtime.
Implementing such strategies requires investment in data capture and analytics infrastructure, including automated monitoring systems that feed real‑time operational data into reliability models. Maintenance performance data can then be used to continuously update simulation inputs, improving the accuracy of reliability projections. This adaptive, data‑driven approach is increasingly recognized as critical for enhancing industrial asset reliability and resilience (Liu et al., 2025).

CONCLUSION
This comprehensive reliability assessment, utilizing Monte Carlo simulation on four years of operational data, reveals a clear and concerning pattern of degradation across all critical mobile air compressor components. The analysis demonstrates that while high system availability (>95%) is sustained through rapid corrective actions, this metric masks a severe underlying decline in reliability, as evidenced by sharply falling MTBF and rising failure rates for valves, filters, radiators, and air hoses. The probabilistic simulation framework proved essential for capturing the inherent randomness and uncertainty in real-world failure behaviour, providing a more realistic performance assessment than deterministic models. The findings critically highlight the limitations and hidden costs of a predominant reactive, run-to-failure maintenance regime. Consequently, this study provides a strong empirical basis for advocating a strategic shift toward proactive, predictive maintenance. Implementing condition-based monitoring integrated with continuously updated reliability models is imperative to anticipate failures, optimize intervention schedules, reduce unplanned downtime, and ultimately improve the lifecycle cost-effectiveness and operational resilience of industrial compressed air systems.
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