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Abstract: Unexpected equipment failures can interrupt production, affect product quality, and
increase maintenance expenditure. Artificial intelligence offers methods for analyzing operational
data and identifying patterns associated with equipment deterioration. This article examines the
application of artificial intelligence to predictive maintenance in industrial production through a
narrative technical review. It considers sensor data acquisition, machine learning, anomaly
detection, remaining useful life estimation, and the integration of predictions into maintenance
decisions. The analysis emphasizes that successful implementation depends on reliable
measurements, representative operating data, appropriate validation, and collaboration between
data specialists and maintenance engineers. A practical implementation framework is proposed,
connecting equipment selection, data preparation, model development, operational evaluation, and
continuous monitoring. Artificial intelligence can support earlier and better-informed maintenance
decisions, but its effectiveness must be demonstrated under the actual conditions of each industrial
facility. This article presents an analytical review rather than an experimental study.
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Introduction
Reliable equipment operation is essential for maintaining stable industrial production. Motors,

pumps, compressors, machine tools, and other production assets operate under changing
mechanical and environmental conditions. Their deterioration may initially appear as small changes
in vibration, temperature, pressure, or electrical behavior. When these changes remain undetected
or are interpreted incorrectly, a developing problem can progress to a failure that interrupts
production. Effective maintenance therefore requires both information about equipment condition
and a process for turning that information into timely action.

Maintenance decisions can follow several approaches. Corrective maintenance responds after
a failure has occurred, while scheduled preventive maintenance uses predetermined intervals for
inspection or replacement. Predictive maintenance seeks to use evidence about equipment condition
and deterioration to inform the timing of intervention. NIST identifies monitoring, diagnostics, and
prognostics as capabilities that support improved reliability and reduced downtime in
manufacturing systems. These capabilities are related but serve different purposes: monitoring
describes current behavior, diagnostics investigates faults, and prognostics estimates future
deterioration. NIST

https://doi.org/10.5281/zenodo.24139936
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Artificial intelligence can contribute to this process by analyzing relationships within
operational data. NIST describes predictive maintenance as an application in which machine
learning examines sensor measurements, including temperature, vibration, and pressure, to
anticipate potential equipment failures. However, an analytical prediction becomes useful only
when it supports a maintenance decision that can be implemented within the available time. The
objective of this article is to examine the technical components of such systems and propose a
practical framework for their evaluation and deployment. nist.gov

Materials and Methods
This article uses a narrative technical review based on selected public materials from the

National Institute of Standards and Technology and the National Aeronautics and Space
Administration. The reviewed material addresses industrial artificial intelligence, maintenance-
supporting technologies, manufacturing measurements, and prognostic datasets. Sources were
selected for their relevance to equipment monitoring, predictive analysis, and practical
implementation. The review was organized around the sequence through which operational
measurements become maintenance recommendations.

The analysis distinguishes three tasks: detecting unusual equipment behavior, identifying a
probable fault condition, and estimating future deterioration or remaining useful life. These tasks
were considered in relation to data requirements, evaluation methods, and operational constraints.
No original industrial dataset was collected, and no predictive model was trained for this article.
Consequently, the results represent a qualitative synthesis and a proposed implementation
framework; they do not establish a measured improvement in prediction accuracy, maintenance
cost, or equipment availability.

Results
The review identifies data acquisition as the starting point of an effective predictive

maintenance system. Sensor selection should follow the failure mechanisms and operating
characteristics of the equipment being monitored. Collecting many measurements without a defined
maintenance objective can create a large dataset with limited practical value. A proposed starting
procedure is to identify a critical asset, specify the failure conditions of interest, and determine
which measurements could reveal their development. Operating context should accompany the
measurements so that an unusual reading can be interpreted against the task the equipment was
performing.

Data preparation is a second essential component of the proposed framework. Missing
measurements, incorrect timestamps, inconsistent units, and changes in sensor configuration can
undermine comparisons over time. Maintenance records also require attention because a recorded
component replacement does not always establish the precise time when deterioration began. The
proposed approach therefore links sensor records with inspections, repairs, operating schedules, and
available fault descriptions. Uncertain labels should remain identifiable rather than being treated as
confirmed evidence of failure.

Model selection should follow the intended prediction task and the evidence available. Where
reliable fault labels exist, the analytical task can be framed as supervised classification. Where

https://www.nist.gov/system/files/documents/2025/07/11/Artificial%20Intelligence-%20Key%20Consideration%20and%20Effective%20Implementation%20Strategies%20508%20Compliant.pdf?utm_source=chatgpt.com
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verified failures are scarce, a more limited initial objective is to identify departures from
established operating behavior. Such anomaly detection should generate an investigation request
rather than automatically declare a specific mechanical fault. Remaining useful life estimation
introduces a further requirement: evidence about how deterioration progresses toward a defined
end-of-life condition.

NASA’s Prognostics Center of Excellence repository provides datasets for investigating
prognostic methods. Its turbofan engine degradation data include simulated run-to-failure records
generated using the Commercial Modular Aero-Propulsion System Simulation model. These
records provide a basis for studying deterioration and remaining useful life estimation. Their
simulated origin also defines an important boundary: performance on this benchmark does not by
itself demonstrate that a model will perform equally well on a factory compressor, pump, or
machining system. Application to another asset requires validation against that asset’s operating
conditions and failure processes. NASA

Combining engineering knowledge with machine learning is another relevant direction.
NIST’s Augmented Intelligence for Manufacturing Systems research describes the integration of
measurements, physical models, and machine learning to monitor and optimize manufacturing
processes. For predictive maintenance, this supports an approach in which analytical results are
assessed alongside known equipment behavior. A maintenance engineer can examine whether a
predicted deterioration pattern is consistent with the machine’s configuration, operating state, and
inspection history. NIST

The proposed evaluation framework gives priority to operationally meaningful measures. For
fault alerts, evaluation should consider missed failures, false alarms, and the time available between
an alert and the event requiring intervention. For remaining useful life estimates, prediction error
should be assessed alongside uncertainty and the consequences of predicting failure too early or too
late. A single overall accuracy value is insufficient to describe these trade-offs.

Validation should also reflect the intended deployment setting. The proposed procedure
separates training and evaluation data by equipment unit or time period when appropriate, reducing
the possibility that closely related observations appear in both groups. Model performance should
then be examined across relevant operating regimes. An initial deployment can run in observation
mode, allowing engineers to compare predictions with inspections and maintenance outcomes
before using the system to influence production decisions.

Discussion
The main implication of this review is that predictive maintenance requires a complete

decision process. A model may identify a useful pattern, but the enterprise must still determine who
reviews the alert, what evidence is required, and which intervention is justified. Maintenance
personnel need sufficient context to assess the recommendation. A practical alert should therefore
identify the equipment, describe the observed change, communicate uncertainty, and indicate the
inspection or verification step proposed.

Implementation should begin with a clearly bounded application. The framework proposed
here prioritizes equipment for which failure consequences are significant, relevant measurements

https://www.nasa.gov/intelligent-systems-division/discovery-and-systems-health/pcoe/pcoe-data-set-repository/?utm_source=chatgpt.com
https://www.nist.gov/programs-projects/augmented-intelligence-manufacturing-systems-aims?utm_source=chatgpt.com
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are available, and maintenance actions can realistically be changed. A pilot project should establish
the existing maintenance process and its limitations before introducing a model. This makes it
possible to evaluate whether the new system improves decisions rather than merely generating
additional notifications.

For example, a hypothetical monitoring system might identify a persistent change in a pump’s
vibration behavior. The appropriate response would depend on its operating condition, recent
maintenance, and supporting measurements. The alert could justify an inspection, but it would not
alone prove that a bearing must be replaced. If inspection confirms a developing defect, the event
can strengthen the maintenance record and support later model evaluation. This example illustrates
a proposed workflow and does not represent a measured industrial case.

The economic assessment should include the full cost of implementation. Sensors, data
infrastructure, engineering time, model maintenance, inspections prompted by false alarms, and
integration with maintenance software all contribute to expenditure. Benefits should be evaluated
through documented changes in maintenance outcomes and production performance. Predicted
savings should remain separate from savings demonstrated during operation.

Continued monitoring is necessary because equipment and production conditions can change.
A model developed before an overhaul, sensor replacement, or major process adjustment may
require reassessment afterward. NIST’s industrial AI research emphasizes measurement science
and the management of AI systems in industrial environments, reinforcing the need to evaluate
these systems throughout their use. NIST

The limitations of this article include its selective source base and the absence of experimental
validation. It does not compare algorithms using a common dataset or establish which model is best
for a particular machine. Future research should evaluate predictive methods using clearly
documented failure definitions, independent test data, and maintenance outcomes recorded over an
adequate operating period.

Conclusion
Artificial intelligence can support predictive maintenance by helping industrial enterprises

interpret equipment data and investigate signs of deterioration. Its practical value depends on the
quality of measurements, the suitability of the prediction task, and the reliability of validation under
real operating conditions. The proposed framework connects asset selection, data preparation,
analytical modeling, engineering review, and operational evaluation. Effective deployment requires
clear responsibilities and maintenance actions that correspond to the information provided. Future
applications should demonstrate improvements through observed equipment and production
outcomes, while communicating uncertainty and retaining engineering oversight.
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