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Abstract

Modern defense forces operate complex, costly, and
ageing equipment fleets, including aircraft, ships,
armored vehicles, and radar and missile systems, whose
availability determines whether operational plans can be
executed. Predictive maintenance, which uses sensor
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https://creativecommons.org/licenses/by/4.0 acceptable cost. This article presents an integrative
conceptual review of predictive  maintenance
technologies in the defense context. It examines
conceptual  foundations, sensing and condition
monitoring, diagnostic and prognostic algorithms, digital
twins and platform health management, logistics
integration, readiness metrics, data security and legacy
equipment constraints, workforce and governance issues,
and future research priorities. A conceptual graph
compares maintenance strategies in terms of operational
availability and sustainment cost, showing how
progression from reactive to integrated predictive
approaches is expected to improve readiness while
lowering cost. The article concludes that technology
alone is insufficient: benefits depend on data quality,
supply chain responsiveness, trained personnel, secure
architectures, and organizational commitment to act on
predictive information.
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INTRODUCTION

Operational readiness is the capacity of a military force to perform its assigned missions when called upon, and it
depends heavily on the condition of equipment. Historically, defense maintenance has followed two broad approaches.
Reactive maintenance repairs equipment after it fails, which is simple but exposes operations to unexpected loss of
capability. Preventive maintenance replaces or inspects components at fixed intervals, which improves reliability but
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often discards serviceable parts and consumes scarce labor and spares. Both approaches struggle with the realities of
modern fleets, which combine high complexity, long service lives, budgetary pressure, and demanding operating
environments (Moubray, 1997; Mobley, 2002).Predictive maintenance offers an alternative grounded in evidence about
the actual health of each asset. By continuously or periodically measuring vibration, temperature, pressure, oil
condition, electrical signatures, and other indicators, and by applying diagnostic and prognostic models, maintainers
can detect incipient faults and estimate remaining useful life. Jardine, Lin, and Banjevic (2006) described condition-
based maintenance as a decision process driven by monitored data, and subsequent work has extended it with machine
learning and cyber-physical architectures (Lee, Bagheri, & Kao, 2015; Lei et al., 2018). In defense, the approach has
been promoted through programs such as condition-based maintenance plus and the broader prognostics and health
management agenda (Hess, Calvello, & Frith, 2005; Vachtsevanos et al., 2006).Despite its promise, predictive
maintenance in defense is not a simple transfer of commercial practice. Military equipment operates in remote, austere,
and contested environments, often with limited connectivity. Fleets include platforms designed decades before modern
sensing was conceived. Data may be classified, fragmented across organizations, or controlled by original equipment
manufacturers. Moreover, the ultimate objective is not profit but mission success, which requires linking maintenance
decisions to operational outcomes. These characteristics shape both the opportunities and the obstacles described in this
article.The purpose of this article is to synthesize the technological, logistical, and organizational dimensions of
predictive maintenance as they relate to operational readiness in defense equipment. Drawing on the reliability
engineering, prognostics, and defense logistics literature, it moves through thematic sections that address foundations,
sensing, algorithms, digital twins, logistics, readiness metrics, data and legacy challenges, workforce and governance,
and future directions. A summary then draws together the principal conclusions and recommendations.

Conceptual Foundations of Predictive Maintenance in Defense:

Predictive maintenance is best understood as part of a continuum of maintenance strategies that differ in how much
information they use to decide when to intervene. Reactive approaches use none; time-based approaches use only
calendar or usage intervals; condition-based approaches use measured indicators of current health; and predictive
approaches add models that forecast future degradation and remaining useful life. Reliability-centered maintenance,
articulated by Moubray (1997), provides a disciplined way to identify which failure modes matter and which strategy is
justified for each. Predictive techniques are therefore most valuable where failures are costly, detectable in advance, and
not adequately controlled by fixed schedules.In defense, the rationale extends beyond cost efficiency. A failure at the
wrong moment can degrade a unit's ability to deploy, sortie, or sail, and in extreme cases endanger crews. Predictive
maintenance therefore aims to convert uncertainty about equipment condition into actionable foresight, enabling
commanders to plan missions, allocate assets, and schedule repairs with greater confidence. It supports a shift from
fixed maintenance cycles toward maintenance that is timed to the needs of each platform, thereby increasing the
proportion of time that equipment is available for operations.Terminology deserves care. Diagnostics concerns
detecting and isolating faults that have already begun, while prognostics concerns predicting how a fault will progress
and when a component will no longer perform its function. Health management integrates these capabilities with
decision making about maintenance, logistics, and operations. Zio (2022) emphasizes that the field has progressed
rapidly in algorithms but still faces gaps in practice, particularly in validation, uncertainty treatment, and integration
into real decision processes. Recognizing this distinction between technical prediction and managerial action is
essential for understanding why many pilot projects fail to scale.

Sensing, Data Acquisition, and Condition Monitoring:

Every predictive capability begins with data. Sensors embedded in engines, gearboxes, hydraulic systems, structures,
batteries, and electronics measure quantities such as vibration, acoustic emission, temperature, strain, current, and fluid
contamination. Modern platforms increasingly provide built-in data buses and on-board recorders, which capture
operational parameters at high frequency. Condition monitoring systems process these signals to extract features that
indicate wear, imbalance, misalignment, cracking, or electrical degradation. The quality of these measurements strongly
determines the quality of everything that follows (Lei et al., 2018).Retrofitting sensors to existing defense equipment
poses special difficulties. Space, weight, power, certification, and electromagnetic compatibility constraints may restrict
what can be installed, and any modification of an airworthy or seaworthy platform must be approved through rigorous
configuration control. Wireless sensors, energy harvesting, and non-intrusive monitoring techniques, such as analysis of
electrical current or acoustic signatures, offer ways to gather information without extensive modification. For some
assets, manual or semi-automated inspection using portable instruments, thermography, or borescopes may remain the
practical source of condition data, integrated into digital records.Data acquisition must also respect operational realities.
Equipment may be deployed for long periods without connectivity, so data must be stored on board and transferred
opportunistically when links or maintenance facilities become available. Edge computing allows preliminary analysis to
occur close to the source, reducing bandwidth demands and enabling timely alerts to crews. Standardization of data
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formats and interfaces across platforms and suppliers is crucial so that information can be aggregated for fleet-level
analysis, which often yields insights unavailable from a single asset.

Diagnostic and Prognostic Algorithms:

Diagnostic and prognostic algorithms transform raw data into knowledge about health and future behavior. Physics-
based models describe degradation mechanisms such as fatigue crack growth or bearing wear and can extrapolate
beyond observed conditions, but they require detailed knowledge of materials and loads. Data-driven models, including
statistical methods and machine learning, learn patterns from historical data and can capture complex relationships
without explicit physical formulation. Hybrid approaches combine both to exploit domain knowledge while remaining
adaptable. Tsui and colleagues (2015) and Carvalho and colleagues (2019) review the breadth of these methods and
their applications to maintenance.The main obstacle to data-driven prognostics in defense is the scarcity of labeled
failure data. Well-maintained military equipment fails rarely, and failures are often addressed before they progress to
complete breakdown, so examples of full degradation trajectories are limited. Benchmark datasets, such as the
simulated aircraft engine run-to-failure data of Saxena and colleagues (2008), have helped advance method
development, yet they differ from real operating conditions. Transfer learning, simulation-based data augmentation, and
anomaly detection techniques, which require only normal-condition data, are therefore attractive for defense
applications.Algorithmic performance must be judged by decision value rather than accuracy alone. A prognostic
estimate is useful only if it is timely, sufficiently precise, and accompanied by an honest characterization of uncertainty.
False alarms waste resources and erode user trust, while missed detections undermine safety and readiness.
Explainability also matters, because maintainers and commanders must understand why a system recommends action,
particularly for safety-critical platforms. Rigorous validation, including verification against independent data and field
trials, is needed before predictions are allowed to influence airworthiness or deployment decisions.

Digital Twins and Platform-Level Health Management:

A digital twin is a virtual representation of a physical asset that is updated with data from that asset throughout its life.
In maintenance, twins combine design models, operational histories, and current sensor data to simulate the condition
of an individual platform and to test the consequences of different usage and maintenance choices. Lee, Bagheri, and
Kao (2015) frame such capabilities within cyber-physical architectures in which physical assets and computational
models are tightly coupled. For defense fleets, individual tracking is valuable because identical platforms accumulate
different stresses depending on missions, environments, and handling.Platform-level health management integrates
information from multiple subsystems to evaluate overall readiness and to guide decisions. Rather than treating engines,
structures, avionics, and mechanical systems separately, an integrated system can reason about interactions, prioritize
interventions, and recommend the most effective maintenance packages during scheduled downtime. Vachtsevanos and
colleagues (2006) describe layered architectures that move from sensing through diagnostics and prognostics to
decision support. Aggregating this information across a fleet allows commanders to see which platforms can support a
given mission and what risks accompany tasking decisions.Implementing twins and integrated health management
requires careful attention to model fidelity, maintenance of configuration records, and computational resources. Models
must be updated as equipment is modified, repaired, or upgraded, or they will drift away from reality. Interoperability
across systems built by different contractors can be difficult, particularly when proprietary data and software limit
access. Open architectures and clear data rights in procurement contracts are therefore enablers of long-term predictive
capability, helping avoid dependence on single suppliers for analysis of equipment owned and operated by the military.
Logistics, Spare Parts, and Supply Chain Integration:

Prediction has value only if it triggers timely and effective action, which depends on logistics. Knowing that a
component will likely fail within a few weeks is of limited use if the spare part is unavailable, the repair facility is
saturated, or the platform is committed elsewhere. Predictive maintenance therefore needs to be integrated with
inventory management, procurement, transportation, and maintenance scheduling. When prognostic information is
accurate, it enables a shift from holding large safety stocks toward positioning the right parts at the right places in time,
which reduces both inventory costs and delays.The supply chain in defense is long and vulnerable. Parts for ageing
equipment may be obsolete, produced in small quantities, or sourced from a limited number of suppliers. Lead times
may be measured in months or years. Predictive insights can help by providing early demand signals that allow orders
to be placed sooner, supporting diminishing manufacturing source management, and informing decisions about repair
versus replacement. Forward-deployed forces face additional constraints, as maintenance must be carried out in austere
locations with limited tools and personnel, making accurate prediction especially valuable for avoiding unnecessary
resupply and recovery operations.Maintenance planning must also accommodate operational tempo. Commanders may
prefer to postpone maintenance during critical operations, while predictive information may indicate rising risk.
Decision support tools that quantify risk, estimate remaining life distributions, and compare alternative courses of
action help balance these pressures. Additive manufacturing and distributed repair capabilities offer further flexibility
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by allowing certain parts to be produced near the point of need, so that predictive alerts can be converted rapidly into
restored capability.

Operational Readiness Metrics and Mission Impact:

Operational readiness is commonly assessed through measures such as mission capable rate, operational availability,
sortie generation, and time to repair. Predictive maintenance can influence these indicators in several ways. By
anticipating failures, it reduces unscheduled downtime; by targeting maintenance to actual need, it can shorten
scheduled downtime and reduce unnecessary intervention; and by improving confidence in equipment condition, it
increases the reliability of planning. Jardine, Lin, and Banjevic (2006) and Mobley (2002) note that benefits depend on
how well maintenance decisions are aligned with failure behavior and operational demand.Quantifying these benefits is
challenging. Many programs report improvements in availability or cost, but attribution is difficult because other
factors, such as operating tempo, spare parts funding, and workforce changes, also influence results. Rigorous
evaluation requires baseline data, controlled comparisons where feasible, and metrics that capture both technical
performance, such as detection rate and prediction error, and operational outcomes, such as missions completed and
cost per operating hour. The conceptual graph in this article illustrates the expected direction of change as organizations
progress along the maintenance continuum, and it should be read as a framework rather than a measurement.Readiness
is also a matter of risk. Predictive maintenance does not eliminate failure; it changes the probability and timing of
failure and the options available when degradation is detected. Commanders therefore need information that connects
equipment health to mission risk, for example by estimating the probability that a platform will complete a planned
mission without a critical failure. Such mission-level reliability assessment links technical prognostics to operational
decisions and is one of the most valuable but least mature elements of defense health management.

Data Quality, Cybersecurity, and Legacy Equipment Challenges:

Data quality is a persistent obstacle. Maintenance records may be incomplete, inconsistent, or recorded in free text, and
sensor data may contain noise, gaps, and drift. Fleets managed by different services or contractors may use
incompatible systems, resulting in data silos. Poor data lead to unreliable models, and unreliable models in turn damage
confidence in predictive approaches. Investment in data governance, standardized failure coding, and automated data
validation is therefore an unglamorous but essential component of any program, and often delivers benefits even before
advanced analytics are deployed.Cybersecurity is a particular concern in defense. Connected sensors, data links, and
analytics platforms expand the attack surface of equipment and may reveal sensitive information about readiness,
location, and operational patterns. An adversary able to manipulate condition data could induce unnecessary
maintenance or conceal real faults, degrading readiness without kinetic action. Security by design, including
encryption, authentication, network segmentation, and secure update mechanisms, must be built into predictive
architectures. Handling of classified and controlled information also restricts the movement of data to commercial
cloud platforms, favoring on-premises or accredited environments.Legacy equipment compounds these difficulties.
Many platforms in service were designed before digital monitoring became commonplace and have limited
instrumentation, and their technical data packages may be incomplete. Life extension programs may keep equipment in
service well beyond original design assumptions, creating degradation modes that are poorly characterized. For such
assets, a pragmatic approach combines selective sensor retrofit, enhanced inspection, usage-based models, and fleet-
level statistical analysis, prioritizing components whose failure has the greatest consequences for safety and availability
rather than attempting comprehensive monitoring of every subsystem.

Workforce, Organizational Change, and Governance:

Predictive maintenance changes the work of maintainers. Rather than following fixed task cards, technicians receive
recommendations derived from data and are expected to interpret alerts, verify conditions, and provide feedback that
improves models. This requires new skills in data literacy, diagnostic reasoning, and use of digital tools, alongside
traditional mechanical and electronic expertise. Training programs should therefore combine hands-on practice with
understanding of how predictions are generated, what their limits are, and when human judgment should override
automated advice.Organizational change is often more difficult than technical change. Maintenance cultures built
around established procedures may be skeptical of algorithmic recommendations, particularly if early systems generate
false alarms. Incentive structures can also work against predictive approaches: a maintenance organization measured on
the number of tasks completed or on spending against a fixed budget may have little reason to adopt practices that
reduce activity. Aligning metrics and incentives with readiness outcomes, and demonstrating value through well-chosen
pilot programs with strong operator involvement, helps build acceptance.Governance structures must clarify who owns
data, who is accountable for decisions informed by predictions, and how models are certified and updated. For
airworthiness and other safety-critical applications, regulators and technical authorities need credible evidence before
approving changes to maintenance intervals based on predictive information. Contracting arrangements, including
performance-based logistics, should specify data rights and responsibilities so that the military retains the ability to use
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and improve analytics throughout the life of the equipment. Clear governance prevents the fragmentation that often
undermines promising technical initiatives.

Future Directions and Research Priorities:

Several technological developments are likely to shape the next stage of predictive maintenance in defense. Advances
in sensing, including miniaturized and self-powered devices, will reduce the cost of instrumentation. Edge artificial
intelligence will allow more analysis to occur on board platforms, supporting autonomy and operation in disconnected
environments. Foundation models and generative methods may help interpret maintenance records and technical
manuals, supporting technicians with natural language assistance. At the same time, these tools introduce new demands
for validation and security, and their use in safety-critical contexts must be approached with caution.Research priorities
include prognostics under data scarcity, robust uncertainty quantification, methods for combining physics and data, and
techniques for transferring knowledge across platforms and operating conditions. Zio (2022) argues that closing the gap
between research and practice requires attention to validation, decision integration, and the real constraints of industrial
and operational settings. For defense, additional priorities include models that link component health to mission-level
readiness, resilient analytics that tolerate adversarial manipulation of data, and approaches suited to autonomous and
unmanned systems, where there may be no onboard human to detect anomalies.Finally, collaboration across
organizations will be important. Allies operate many of the same platforms and could benefit from sharing anonymized
failure data and lessons learned, subject to security constraints. Partnerships among military organizations, industry, and
academia can accelerate the development of benchmarks, standards, and validated methods. Sustained investment,
realistic field trials, and willingness to learn from failures will determine whether predictive maintenance fulfils its
promise of delivering equipment that is ready when needed and at a sustainable cost.

Maintenance Strategy Maturity versus Availability and Sustainment Cost
(illustrative conceptual comparison)

W Operational availability (%) 8 Sustainment cost index (reactive = 100)
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Summary:

Predictive maintenance technologies offer defense organizations a pathway to higher equipment availability, lower
sustainment cost, and greater confidence in mission planning. The review shows that success depends on a chain of
capabilities: reliable sensing and data acquisition, validated diagnostic and prognostic algorithms, platform-level
integration and digital twins, responsive logistics, and decision processes that translate predictions into timely action. A
weakness at any link, whether poor data quality, unavailable spare parts, or organizational resistance, limits the benefit
of the whole.The conceptual graph in this article illustrates the expected improvement in availability and reduction in
cost as organizations move from reactive maintenance toward integrated predictive approaches, while emphasizing that
these values are illustrative and must be confirmed through rigorous evaluation. Recommendations include investing in
data governance and open architectures, prioritizing critical components and legacy platforms where benefits are
greatest, linking component health to mission-level readiness, building security into every layer, and developing a
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workforce and culture capable of using predictive information. With such measures, predictive maintenance can

become a durable foundation for operational readiness rather than a collection of isolated pilot projects.
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