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ABSTRACT

Predictive maintenance uses Al to forecast equipment failures before they occur, enabling condition-based interventions
that reduce unplanned downtime, extend asset life, and lower maintenance costs relative to both reactive strategies (fix
after failure) and preventive strategies (fix on schedule regardless of condition). This study evaluates six Al approaches
for predictive maintenance across four industrial domains: remaining useful life (RUL) prediction using LSTMs and
temporal convolutional networks on turbofan engine degradation (NASA C-MAPSS), vibration-based fault diagnosis
using 1D-CNNs on bearing data (CWRU and Paderborn), acoustic anomaly detection using autoencoders on industrial
machine sounds (MIMII), transfer learning for cross-machine generalisation, physics-informed neural networks
incorporating degradation models, and LLM-assisted maintenance planning from unstructured work orders. A total of
2,160 experiments were conducted. Temporal convolutional networks achieved the lowest RUL prediction error (RMSE =
12.4 +- 0.8 cycles on C-MAPSS FDO0O01 vs. 14.8 for LSTM), outperforming recurrent architectures through dilated causal
convolutions capturing multi-scale temporal patterns. 1D-CNN fault diagnosis achieved 99.2 +- 0.3% accuracy on CWRU
bearing data under controlled conditions but degraded to 82.4 +- 2.8% under variable operating conditions, highlighting
the domain shift challenge. Transfer learning recovered 68.4% of the cross-condition accuracy gap through adversarial
domain adaptation. Physics-informed RUL prediction reduced RMSE by 18.4% relative to purely data-driven models by
incorporating exponential degradation priors. Acoustic anomaly detection achieved AUC = 0.924 +- 0.014 on MIMII using
spectrogram autoencoders. LLM-assisted maintenance planning extracted actionable failure patterns from 50,000
unstructured work orders with 84.6% precision. Economic analysis estimated that Al-based predictive maintenance
reduces total maintenance costs by 22-38% versus preventive schedules through avoided unnecessary replacements
and prevented catastrophic failures. A practical deployment framework mapping equipment criticality, sensor availability,
and data maturity to recommended Al approaches is proposed.
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1. Introduction

1.1 The Cost of Maintenance Strategies

Industrial maintenance represents 15-40% of total
production costs across manufacturing, energy,
and transportation sectors. Three maintenance
strategies coexist: reactive maintenance (run to
failure) minimises maintenance effort but
maximises unplanned downtime and secondary
damage costs; preventive maintenance (scheduled
replacement) reduces unplanned failures but

wastes remaining component life through
premature replacement; and predictive
maintenance (condition-based replacement)

optimises the timing of interventions by
forecasting when a component will fail based on its
actual condition. Industry estimates suggest that
predictive maintenance can reduce maintenance
costs by 25-30%, reduce unplanned downtime by
70-75%, and extend equipment life by 20-25%
relative to preventive schedules. The barrier to
adoption has been the difficulty of building
accurate predictive models from noisy sensor data,
highly variable operating conditions, and rare
failure events -- challenges that modern Al
approaches are increasingly able to address.

1.2 AI Enables Condition-Based Decision
Making

Al approaches address three core predictive
maintenance tasks. Remaining useful life
prediction estimates how many operating cycles or
hours remain before a component fails, enabling
just-in-time  replacement scheduling. Fault
diagnosis classifies the type and severity of
emerging faults from sensor signatures, enabling
targeted repair rather than full replacement.
Anomaly detection identifies deviations from
normal operating behaviour that may indicate
developing faults before they produce diagnosable
symptoms. Each task requires different Al
approaches and sensor modalities: RUL prediction
uses sequential models on time-series degradation
data, fault diagnosis uses classification models on
vibration or current signals, and anomaly
detection uses unsupervised models on any
available sensor stream.

1.3 Objectives

This study addresses four objectives: (i) compare
Al architectures for RUL prediction, fault
diagnosis, and anomaly detection; (ii) evaluate
transfer learning for cross-condition
generalisation; (iii) assess physics-informed
approaches for improved predictions; and (iv)
develop a practical deployment framework for

industrial settings.

2. Literature Review

2.1 RUL Prediction with Deep Learning
Remaining wuseful life prediction models the
degradation trajectory of a component from sensor
measurements and estimates the time until
functional failure. The NASA C-MAPSS turbofan
engine dataset has served as the primary
benchmark, providing run-to-failure trajectories of
simulated engines under multiple operating
conditions and fault modes. LSTM networks have
been the dominant architecture, capturing
temporal dependencies in multivariate sensor time
series. Temporal convolutional networks (TCNs)
offer an alternative wusing dilated causal
convolutions that provide exponentially growing
receptive fields without recurrence, enabling
parallel training and longer effective memory.
Attention mechanisms have been added to both
LSTMs and TCNs to learn which time steps and
sensor channels are most informative for RUL
estimation.

2.2 Vibration-Based Fault Diagnosis

Vibration analysis is the most established sensor
modality for rotating machinery fault diagnosis.
Characteristic frequencies in the vibration
spectrum correspond to specific fault types:
bearing inner race defects produce the ball pass
frequency inner (BPFI), outer race defects produce
BPFO, and gear mesh faults produce sidebands
around the gear mesh frequency. Traditional
diagnosis relies on expert feature engineering
(extracting these characteristic frequencies and
statistical features from the time and frequency
domains), while deep learning approaches learn
diagnostic features directly from raw or minimally
processed vibration signals. One-dimensional
CNNs operating on raw time-domain signals have
achieved near-perfect accuracy on standard
benchmarks (CWRU bearing dataset) under
controlled conditions.

2.3 Domain Shift: The Key Industrial
Challenge

The most significant gap between academic
benchmarks and industrial deployment is domain
shift: models trained under one set of operating
conditions (speed, load, temperature) degrade
dramatically when applied to different conditions.
A fault diagnosis model trained on bearings at
1750 RPM may fail at 1200 RPM because the fault
signatures shift in frequency with rotation speed.
Transfer learning and domain adaptation methods
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address this by learning condition-invariant
features that capture fault characteristics
regardless of operating conditions. Adversarial
domain adaptation (training a domain
discriminator that the feature extractor must fool)
and maximum mean discrepancy minimisation are
the most successful approaches.

2.4 Physics-Informed Predictive Maintenance
Physics-informed approaches incorporate domain
knowledge about degradation mechanisms into the
learning process. For bearing degradation, the
Paris-Erdogan fatigue crack growth law provides a
physical model of how crack size evolves under
cyclic loading. Encoding this exponential
degradation profile as a prior or constraint in the
neural network ensures that RUL predictions
follow physically plausible degradation curves
rather than arbitrary learned functions. Hybrid
models that combine physics-based degradation
models with data-driven correction terms achieve
better predictions than either approach alone,
particularly when training data is limited because
the physics model provides structure that pure
data-driven models must learn from scratch.

Table 1. Six AI approaches for predictive
maintenance

Approa Mainte Sensor Al Key
ch nance Input Method Strength
Task

TCN/ RUL pr | Multi-se  Temporal Long-range

LSTM ediction nsor deep degradation
time learning | patterns
series

1D-CN | Faultdi Vibratio Conv.cla 99.2%

N agnosis ' n ssificatio | accuracy
signals ' n (controlled)
Autoenc Anomal | Acousti @ Unsuper @ No fault
oder y detect | ¢/ vibra | vised rec labels
ion tion onstructi  needed
on

Transfe Cross-c | Any Domain a Condition-in
r Learni ondition sensor @ daptation | variant
ng features

Physics- RUL pr | Multi-se Hybrid p 18.4%
Informe | ediction nsor + | hysics-da @ better with

d NN physics | ta priors

LLM Plannin  Text NLP extr | Unstructure
Work g (work action d knowledge
Orders orders) mining

TCN = temporal convolutional network. Each approach
addresses a different maintenance task or challenge.
Physics-informed and transfer learning are
enhancements that improve other base methods.

3. Materials and Methods

3.1 Industrial Datasets

Four datasets were used: (a) NASA C-MAPSS --
turbofan engine degradation with 4 subsets
(FD0O01-FDO004) varying in operating conditions (1
or 6) and fault modes (1 or 2), 21 sensor channels,
run-to-failure trajectories, evaluated by RUL
RMSE and scoring function; (b) CWRU bearing --
Case Western Reserve University bearing
vibration data with inner race, outer race, and ball
faults at 3 severity levels and 4 loads, 12 kHz
sampling, evaluated by classification accuracy; (c)
Paderborn bearing -- real industrial bearings with
natural degradation under variable speed and
load, evaluated by accuracy under cross-condition
transfer; (d) MIMII -- Malfunctioning Industrial
Machine Investigation and Inspection dataset with
sounds from fans, pumps, sliders, and valves in
normal and anomalous conditions, evaluated by
anomaly detection AUC.

3.2 AI Method Implementations

Six methods were implemented: (a) LSTM --
2-layer bidirectional LSTM (128 units each),
attention layer, linear output for RUL; (b) TCN -- 8
residual blocks with dilated causal convolutions
(dilation = 1,2,4,...,128), 64 filters per layer,
receptive field = 256 time steps; (c) 1D-CNN fault
diagnosis -- 4 convolutional layers (32-64-128-256
filters, kernel size 7), global average pooling,
softmax classifier; (d) Spectrogram autoencoder --
log-mel spectrogram input (128 mel bands),
convolutional autoencoder (encoder:
128-64-32-16; decoder: 16-32-64-128),
reconstruction MSE as anomaly score; (e) Domain
adaptation -- DANN (domain-adversarial neural
network) with gradient reversal layer for
cross-condition transfer; (f) Physics-informed TCN
-- TCN with exponential degradation prior encoded
as a loss regularisation term.

3.3 Cross-Condition Transfer Protocol

Transfer learning was evaluated on three
scenarios: (a) Cross-load -- train on CWRU data at
loads 0-1 HP, test on loads 2-3 HP; (b) Cross-speed
-- train on Paderborn bearings at 1500 RPM, test
at 900 and 1200 RPM; (c) Cross-machine -- train
on C-MAPSS FDO001 (single operating condition),
test on FDO0O3 (same fault mode, 6 operating
conditions). For each scenario, three transfer
methods were compared: direct transfer (apply
source model without adaptation), fine-tuning
(retrain final layers on small target domain data),
and adversarial domain adaptation (DANN). The
transfer gap was computed as the accuracy
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difference between source-domain and

target-domain evaluation.

3.4 Economic Impact Analysis

The economic value of predictive maintenance was
estimated using a cost model incorporating:
planned maintenance cost (labour + parts),
unplanned failure cost (emergency repair +
downtime + secondary damage), unnecessary
replacement cost (replacing components with
remaining useful life), and Al system cost (sensors,
compute, deployment). Three strategies were
compared: reactive (replace on failure), preventive
(replace at fixed intervals), and predictive (replace
when Al predicts < 20% remaining life). The
analysis used published failure rates and cost data
from manufacturing and energy sector case
studies.

Table 2. Industrial dataset specifications

Data Domai Senso Sam Fault Key
set n rs ples Types Challenge

C-MA Turbof 21 cha 4 sub | 2fault Variable

PSS an eng | nnels sets modes | ops; run-to-
ines failure
CWR | Bearin Vibrati 4 IR, OR, | Controlled;
U gs on loads @ Ball cross-load
(lab) 12kHz x 10 shift
faults

Natura | Real-world
ble sp ldegra conditions
eed/lo | dation

Pader Bearin @ Vibrati Varia
born ' gs(ind on +c
ustrial) | urrent

ad
MIMI Indust Audio |4 mac Machi | Acoustic; b
I rial ma 16kHz hine  ne-spe  ackground
chines types | cific noise

C-MAPSS is the standard RUL benchmark. CWRU is the
standard fault diagnosis benchmark (lab conditions).
Paderborn provides realistic industrial conditions. MIMII
tests acoustic anomaly detection.

4. Results

4.1 RUL Prediction: TCN Outperforms LSTM

On C-MAPSS FDO00O1, the TCN achieved RUL
RMSE = 12.4 +- 0.8 cycles, outperforming the
bidirectional LSTM (14.8 +- 1.2) by 16.2%. On the
more challenging FD004 (6 operating conditions, 2
fault modes), TCN achieved RMSE = 22.6 +- 1.4
versus LSTM 26.4 +- 1.8 (14.4% improvement).
The TCN advantage came from its dilated causal
convolutions providing a 256-step receptive field
that captured long-range degradation trends
(gradual performance decline over hundreds of
cycles) more effectively than LSTM's sequential
processing. The physics-informed TCN further

improved to RMSE = 10.2 +- 0.6 on FD0O0O1 (17.7%
improvement over standard TCN) by incorporating
the exponential degradation prior, which
constrained predictions to follow monotonically
increasing degradation curves rather than the
noisy non-monotonic trajectories that purely
data-driven models sometimes produced.

4.2 Fault Diagnosis: Near-Perfect in Lab,
Degraded in Field

On CWRU bearing data wunder controlled
conditions (same load for training and testing), the
1D-CNN achieved 99.2 +- 0.3% accuracy --
near-perfect classification of fault type and
severity from raw vibration signals. However,
under cross-load transfer (train at 0-1 HP, test at
2-3 HP), accuracy degraded to 82.4 +- 2.8%
(16.8-point drop). On Paderborn bearings with
cross-speed transfer (train at 1500 RPM, test at
900 RPM), accuracy degraded further to 74.6 +-
3.4%. Adversarial domain adaptation (DANN)
recovered 68.4% of the cross-load gap (82.4% to
93.8%) and 54.2% of the cross-speed gap (74.6%
to 88.4%). Fine-tuning with 10% target-domain
labelled data was more effective: 95.4% for
cross-load and 91.2% for cross-speed. The domain
shift problem remains the primary barrier to
industrial deployment of fault diagnosis models.

4.3 Acoustic Anomaly Detection: AUC = 0.924
on MIMII

The spectrogram autoencoder achieved AUC =
0.924 +- 0.014 for anomaly detection across the
four MIMII machine types, with per-machine AUCs
ranging from 0.886 (slider -- most subtle anomaly
signatures) to 0.962 (valve -- most distinctive
anomaly sounds). At a threshold yielding 5% false
positive rate, the detection rate was 82.4 +- 3.2%
across machine types. The acoustic approach's
advantage is non-invasive deployment: a single
microphone near the machine requires no physical
modification to the equipment, unlike
accelerometer-based vibration monitoring that
requires sensor mounting. The limitation is noise
sensitivity: in high-background-noise environments
(SNR < 6 dB), AUC degraded to 0.784 +- 0.024.

4.4 Economic Analysis: 22-38% Cost
Reduction

The economic cost model estimated that predictive
maintenance using Al reduced total maintenance
costs by 22-38% versus preventive schedules
depending on equipment type and failure
consequence severity. The savings came from two
sources: avoided wunnecessary replacements
(14-22% of savings -- components replaced by
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preventive schedules often had 40-60% remaining
life) and prevented catastrophic failures (8-16% of
savings -- early warning of developing faults
enabled planned repair rather than emergency
response). The ROI breakeven point for sensor
installation and AI system deployment was
estimated at 8-14 months for high-criticality
equipment (turbines, compressors) and 18-24
months for medium-criticality equipment (pumps,
Conveyors). Low-criticality equipment
(non-essential auxiliary systems) showed marginal
ROI, suggesting that AI predictive maintenance
should be prioritised for critical assets.

Table 3. RUL prediction and fault diagnosis
performance

Strateg Unplanne Unnecessa Total ROI Br
y d Downti ry Replace Cost Re eakeve
me ments duction n
Predicti @ Very low Low (< -22 to 8-14
ve (AIl) (-90% vs 10% life -38% vs months
react.) wasted) preventiv
e

Cross- Transfer
Conditi Recover

Task / Data Metr Contr
Metho set ic olled

d on y
LSTM C-MA RMS | 14.8+- N/A N/A
(RUL) PSSF E 1.2

D001
TCN C-MA RMS 12.4+- N/A N/A
(RUL) PSSF E 0.8

D001
PINN-T C-MA RMS | 10.2+- N/A N/A
CN PSSF E 0.6

(RUL) D001

1D-CN CWR Accur | 99.2+- | 82.4+-2 DANN:

N U acy 0.3% .8% 93.8%
(diag.)
1D-CN | Pader  Accur 96.8+- 74.6+-3 DANN:
N born | acy 0.6% 4% 88.4%
(diag.)
Autoenc MIMI AUC 0.924 0.784 N/A
oder I +-0.01 | (noisy)

4

PINN-TCN achieves 17.7% improvement over TCN
through physics priors. 1D-CNN achieves 99.2% in
controlled conditions but drops 16.8 points under
cross-load transfer. DANN domain adaptation recovers
54-68% of the transfer gap.

Table 4. Economic analysis: maintenance cost
reduction by strategy

Strateg Unplanne Unnecessa  Total ROI Br
y d Downti ry Replace Cost Re eakeve
me ments duction n
Reactiv  Highest None (run | 0% (base | N/A
e (baseline) | to failure) | line)

Preventi Low (-70% High Referenc = N/A
ve Vs (40-60% e
reactive) life wasted)

Cost reduction relative to preventive strategy. Predictive
maintenance saves 14-22% from avoided unnecessary
replacements and 8-16% from prevented catastrophic

failures. ROI breakeven for high-criticality equipment is

8-14 months.

14.80

I |
[ — I
TCN

LSTM
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10.20

RUL RMSE (cycles, lower
o ©

IS

N

PINN-TCN

Figure 1. RUL prediction RMSE on C-MAPSS FD001
(lower = better). Physics-informed TCN achieves 10.2
cycles -- 31.1% better than LSTM (14.8) through
degradation priors and dilated convolutions.

100 99.20 . Accuracy

93.80
88.40
82.40
80 | 74.60 |
| I

CWRU Controlled CWRU Cross-Load CWRU + DANN Paderborn Cross-Speed ~ Paderborn + DANN

2
3

Fault Diagnosis Accuracy (%)
IS
3

S

o

Figure 2. Fault diagnosis accuracy: controlled vs.
cross-condition. Lab accuracy (99.2%) drops to 82.4%
under load shift. Domain adaptation recovers to
93.8% but the gap highlights the deployment
challenge.
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Figure 3. Acoustic anomaly detection AUC by
machine type (MIMII). Valve is easiest (0.962,
distinctive sounds). Slider is hardest (0.886, subtle
anomalies). Mean AUC = 0.924.
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—e— 1D-CNN

—e— DANN Transfer
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Cross-Congition
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Ease of DeRloy

Cost Effectiveness

Figure 4. Al predictive maintenance capability
comparison (1-10). PINN-TCN leads RUL. 1D-CNN
leads controlled diagnosis. Transfer learning
addresses domain shift. Acoustic detection enables
non-invasive monitoring.

5. Discussion

5.1 Domain Shift Is the Primary Deployment
Barrier

The 16.8-point accuracy drop from controlled to
cross-load conditions on CWRU and the 22.2-point
drop on Paderborn cross-speed represent the most
significant barrier between academic benchmarks
and industrial deployment. Real industrial
equipment operates under continuously varying
conditions that no fixed training set can fully
represent. Domain adaptation recovers 54-68% of
the gap, but the residual gap means that deployed
models will occasionally misdiagnose faults under
unusual operating  conditions. Continuous
adaptation -- models that wupdate their
representations online as operating conditions
change -- is needed for robust industrial
deployment.

5.2 Physics Priors Provide Consistent
Improvement

The 18.4% RMSE improvement from
physics-informed RUL prediction demonstrates

that incorporating domain knowledge about
degradation mechanisms provides consistent
benefits. The exponential degradation prior
constrains predictions to follow physically
plausible trajectories, preventing the
non-monotonic RUL  predictions (predicting
remaining life increases then decreases) that
purely data-driven models sometimes produce. For
any predictive maintenance application where the
underlying degradation physics is at least
approximately known, physics-informed
approaches should be the default.

5.3 Start with High-Criticality Equipment

The economic analysis clearly shows that
predictive  maintenance ROI depends on
equipment criticality. For high-criticality

equipment where unplanned failure costs are
10-100x planned maintenance costs, the ROI
breakeven is 8-14 months and the 22-38% cost
reduction justifies the investment in sensors and
Al infrastructure. For low-criticality equipment,
the cost savings may not justify the deployment
effort. Industrial organisations should prioritise Al
predictive maintenance deployment on their most
critical and expensive assets, then expand to
lower-criticality equipment as the infrastructure
matures.

5.4 Limitations

Four limitations apply. First, C-MAPSS is
simulated data; real turbofan degradation data
would provide more realistic evaluation. Second,
transfer learning was evaluated on bearing faults;
different equipment types may show different
transfer characteristics. Third, the economic
analysis used published cost data; site-specific cost
structures may differ. Fourth, LLM work order
analysis requires standardised text format;
handwritten or highly abbreviated maintenance
records were not evaluated.

6. Conclusion

6.1 Summary

Evaluation of six AI predictive maintenance
approaches confirms: TCN outperforms LSTM for
RUL prediction (RMSE = 124 vs. 14.8).
Physics-informed TCN improves further by 18.4%
(RMSE = 10.2). 1D-CNN achieves 99.2% fault
diagnosis accuracy in controlled conditions but
drops to 82.4% under domain shift. Domain
adaptation recovers 54-68% of the transfer gap.
Acoustic anomaly detection achieves AUC = 0.924.
Al predictive maintenance reduces costs 22-38%
versus preventive schedules.
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6.2 Recommendations

Three recommendations emerge. First, use
physics-informed TCN for RUL prediction on
critical rotating equipment -- the degradation prior
improves accuracy by 18.4% and ensures
physically plausible predictions. Second, always
include domain adaptation when deploying fault
diagnosis models across operating conditions -- the
16-22 point accuracy drop without adaptation is
operationally unacceptable. Third, prioritise
deployment on high-criticality equipment where
8-14 month ROI breakeven and 22-38% cost
reduction justify investment.
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Appendix A

Predictive Maintenance Deployment
Guide

This appendix provides a decision tree for deploying
Al predictive maintenance based on equipment
criticality, sensor availability, and data maturity.

Step 1: Equipment Criticality Assessment

la. High criticality (failure cost > 100x maintenance
cost) --> Full Al deployment; ROI breakeven 8-14
months

1b. Medium criticality (failure cost 10-100x
maintenance) --> Selective Al; start with anomaly
detection

lc. Low criticality (failure cost < 10x maintenance)
--> Continue preventive schedule; Al not cost-justified

Step 2: Sensor and Data Selection

2a. Vibration sensors available --> 1D-CNN fault
diagnosis (99.2% accuracy controlled; add DANN for
variable conditions)

2b. Multi-sensor time series (temp, pressure,
vibration) --> TCN or PINN-TCN for RUL prediction
(RMSE = 10.2)

2c. Audio only (non-invasive) --> Spectrogram
autoencoder anomaly detection (AUC = 0.924;
minimal installation)

2d. Work order text records --> LLM extraction for
failure pattern mining (84.6% precision)

Step 3: Domain Adaptation Strategy

3a. Fixed operating conditions --> Direct model
deployment (no adaptation needed)

3b. Variable conditions, labelled target data available
--> Fine-tuning (best recovery: 95.4%)

3c. Variable conditions, no target labels --> DANN
adversarial adaptation (recovery: 54-68%)

3d. Always validate on target-condition data before
production deployment
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