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Abstract

The convergence of Industrial Internet of Things (lloT) sensor networks, edge computing architectures, and artificial
intelligence-driven analytics is fundamentally reshaping predictive maintenance (PdM) capabilities in smart
manufacturing environments. This paper presents an original empirical investigation of a real-time IloT-enabled
predictive maintenance framework — the Sensor Fusion Edge-Al Predictive Maintenance (SF-EAPM) system deployed
and evaluated across six manufacturing plants spanning three industry sectors: aerospace component machining,
semiconductor fabrication, and precision injection moulding. The SF-EAPM system integrates multi-modal sensor
fusion (vibration, acoustic emission, thermal imaging, and current signature analysis) with an on-device edge-Al
inference engine based on a lightweight Temporal Convolutional Network (TCN) architecture, enabling sub-second
fault detection latency without cloud dependency. A 24-month deployment study across 214 critical production assets
reveals that the SF-EAPM system achieves a mean fault detection accuracy of 94.7%, a false positive rate of 3.2%, and
an average remaining useful life (RUL) prediction error of 6.8 hours. Compared to traditional time-based maintenance
schedules, SF-EAPM deployment reduces unplanned downtime by 67.4%, maintenance cost per asset by 41.3%, and
overall equipment effectiveness (OEE) improvement of 12.8 percentage points. A novel Industry 4.0 Maintenance
Readiness Index (I4MRI) is introduced to benchmark organisational and technical preparedness for IloT-enabled
predictive maintenance adoption. Sector-specific implementation findings, edge-Al model performance benchmarks,
and a validated deployment roadmap are presented.

Keywords: Industrial IoT, Predictive Maintenance, Edge Al, Sensor Fusion, Industry 4.0, Smart Manufacturing,
Temporal Convolutional Network, OEE, Digital Twin

1. Introduction Traditional = maintenance  strategies  corrective

maintenance (fix-on-fail) and preventive maintenance

The global manufacturing sector is undergoing an
unprecedented digital transformation catalysed by the
proliferation of low-cost IloT sensor hardware, the
maturation of edge computing platforms, and the rapid
advancement of lightweight machine learning
architectures deployable on resource-constrained edge
devices. Industry 4.0 — the fourth industrial revolution
characterised by the integration of cyber-physical
systems, lIoT connectivity, cloud and edge computing,
and Al-driven analytics — is projected to generate USD
14.2 trillion in economic value by 2030 (Accenture,
2025), with predictive maintenance emerging as one of
its highest-value applications. McKinsey Global Institute
(2024) estimates that Al-enabled predictive
maintenance alone could reduce manufacturing
downtime costs by USD 630 billion annually at full-scale
global adoption.
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(time-based replacement schedules) — are increasingly
inadequate for the complex, high-speed production
environments of modern smart factories. Corrective
maintenance results in catastrophic unplanned
downtime events that cascade through tightly coupled
production systems, while preventive maintenance
leads to premature asset replacement, unnecessary
maintenance labour costs, and production interruptions
during scheduled maintenance windows. Predictive
maintenance (PdM), which uses real-time condition
monitoring data to forecast equipment failures and
schedule interventions precisely when needed, offers a
compelling solution to both failure modes. However, the
realisation of effective PdM in practice remains
constrained by challenges including sensor data latency,
cloud bandwidth limitations, Al model computational
requirements, and the integration complexity of
heterogeneous legacy equipment.
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This paper addresses these challenges through the
design, implementation, and empirical validation of the
Sensor Fusion Edge-Al Predictive Maintenance (SF-
EAPM) system — a novel IloT-native PdM architecture
that processes multi-modal sensor streams at the edge
using a lightweight Temporal Convolutional Network
(TCN) inference engine. The study makes four primary
contributions: (1) presenting the SF-EAPM system
architecture and its TCN-based edge-Al fault detection
methodology; (2) reporting empirical performance
results from a 24-month deployment across 214 assets
in six plants across three manufacturing sectors; (3)

introducing and validating the Industry 4.0
Maintenance = Readiness  Index  (I4MRI) for
benchmarking organisational PdM adoption

preparedness; and (4) providing a sector-differentiated
deployment roadmap based on empirical readiness
assessment findings.

2. Literature Review
2.1 Industrial IoT and Smart Manufacturing

The foundational architecture of IloT-enabled smart
manufacturing was formalised by the Industrial
Internet Consortium (IIC, 2015) through the Industrial
Internet Reference Architecture (IIRA), which defines a
four-layer hierarchy of edge, fog, cloud, and enterprise
tiers. Lee, Bagheri, and Kao (2015) introduced the 5C
architecture  for  cyber-physical systems in
manufacturing — Connection, Conversion, Cyber,
Cognition, and Configuration — providing an influential
conceptual framework for understanding IloT data
flows in smart factory contexts. Subsequent empirical
investigations by Wang et al. (2018) and Zhong et al.
(2017) demonstrated significant productivity and
quality improvements from IloT deployment in discrete
manufacturing, establishing the empirical basis for the
present study.

2.2 Predictive Maintenance and Machine Learning

The application of machine learning to predictive
maintenance has been extensively reviewed by Lei et al.
(2020), who categorise PdM approaches into signal
processing-based, model-based, and data-driven
methods, noting the growing dominance of deep
learning architectures for complex fault pattern
recognition in  high-dimensional sensor data.
Convolutional Neural Networks (CNNs) have
demonstrated strong performance in vibration-based
fault detection (Wen et al, 2018), while Recurrent
Neural Networks (RNNs) and Long Short-Term Memory
(LSTM) networks have been widely applied to
remaining useful life (RUL) prediction (Li et al.,, 2019).
The Temporal Convolutional Network (TCN)
architecture, introduced by Bai, Kolter, and Koltun
(2018), has emerged as a computationally efficient
alternative achieving superior sequence modelling
performance with lower computational overhead — a
critical advantage for edge deployment scenarios.

2.3 Edge Al and Sensor Fusion for PAM

The deployment of Al inference at the network edge —
proximate to sensor sources rather than in centralised
cloud infrastructure — has been identified as essential
for achieving the sub-second response latencies
required in safety-critical manufacturing PdM
applications (Shi et al, 2016). Multi-modal sensor
fusion, combining complementary sensing modalities to
improve fault detection robustness, has been
investigated by Gao et al. (2015) for rotating machinery
and Nectoux et al. (2012) in the widely-used
PRONOSTIA bearing dataset. However, empirical
studies of integrated edge-Al sensor fusion systems
deployed at industrial scale across multiple plants and
sectors remain scarce, constituting the primary
knowledge gap addressed by this study.

3. SF-EAPM system architecture

The SF-EAPM system comprises four integrated layers:
(1) the Sensor Acquisition Layer, (2) the Edge
Processing Layer, (3) the Fusion and Inference Layer,
and (4) the Decision and Action Layer. Figure 1 presents
a schematic representation of the system architecture
using a layered network diagram format, depicting the
data flow from physical asset sensors through to
maintenance decision outputs.

LAYER B Maintenance Asset Health OEE Digital Twin
DECISION 4 Work Order Dashboard Monitor Sync
ACTION
AAA AN AN AN
TCN Edge-Al | RUL Anomaly Confidence
Fault Classifier Predictor Detector Scorer
AR AN AN AN
Signal FFT / | Feature Data
Pre-Filter Wavelet Extractor Normaliser
A AN AN AN
Vibration Acoustic Thermal Current
Sensor Emission Camera Signature

Figure 1: SF-EAPM Four-Layer Architecture — Arrows
indicate upward data flow from sensors to decisions

At Layer 1, four sensor modalities are deployed on each
monitored asset: triaxial piezoelectric accelerometers
(sampling at 25.6 kHz) for vibration analysis;
broadband acoustic emission sensors (100 kHz - 1
MHz) for detecting micro-crack propagation and surface
fatigue; FLIR-compatible thermal imaging modules
capturing surface temperature distribution at 2-second
intervals; and non-invasive current signature analysers
monitoring motor drive current waveforms at 10 kHz.
Layer 2 edge processing nodes (Nvidia Jetson Orin NX
modules, 16GB) perform real-time signal conditioning,
FFT and wavelet decomposition, and statistical feature
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extraction, reducing raw sensor data volumes by 97.3%
before forwarding feature vectors to the Layer 3
inference engine. The Layer 3 TCN inference engine
produces fault classification probabilities, RUL
estimates, and anomaly scores at 200ms intervals, with
outputs surfaced to plant maintenance teams and
integrated digital twin models through the Layer 4
decision and action interfaces.

4. Experimental design and deployment

The SF-EAPM system was deployed across six
manufacturing plants selected to represent three high-
value manufacturing sectors with distinct asset profiles
and failure mode characteristics. Two plants per sector
were included to enable within-sector replication. Table
1 summarises the deployment configuration at each
site.

Table 1: SF-EAPM Deployment Configuration Across
Six Manufacturing Plants

Sector Count Assets Sensor Edge
i Monitored Nodes Gateways

Aerospace 24

Sl Machining (2 * - ’ moe
s3 Semicl?anguctor Japan 42 168 9 moznzths
s4 Semic'?anguctor France 35 140 8 moznzths
O i I I B R -

Precision Inj. France 32 128 7 2

Mouldini months

Note: Each sensor node comprises 4 sensors (vibration,
acoustic, thermal, current); edge gateways serve ~5
sensor nodes each

5. TCN EDGE-AI model and 14MRI formulation
5.1 Temporal Convolutional Network Architecture

The edge-deployed TCN fault classifier comprises 6
dilated causal convolutional blocks with exponentially
increasing dilation factors (d = 1, 2, 4, 8, 16, 32),
enabling a receptive field spanning 5,120 time steps
(equivalent to 200ms at 25.6 kHz sampling rate). Each
block incorporates residual connections, weight
normalisation, and ReLU activations. The model accepts
a 64-dimensional feature vector (16 features per sensor
modality) and outputs a probability distribution over 8
fault classes plus a healthy state class. The full model
comprises 847,000 parameters, achieving 23ms
inference latency on the Jetson Orin NX platform — well
within the 200ms target for real-time operation. Model
training used 18 months of historical sensor data from
analogous assets, with the final 6 months reserved for
prospective validation.

5.2 Multi-Sensor Fusion Performance Radar

Figure 2 presents a novel radar-matrix visualisation
comparing the fault detection contribution of each

sensor modality across the three manufacturing sectors.
Each cell represents the mean fault detection F1-score
attributable to that modality in isolation, enabling
identification of sector-specific optimal sensor
configurations.

Vibration
Analysis
Acoustic
Emission
Thermal
Imaging
Current
Signature 0.812 0.768
Analysis

0.812

0.743

Figure 2: Sensor Modality Contribution Matrix
(Heatmap) — Darker blue = higher F1-score; values
represent isolated single-modality fault detection F1-
scores

5.3 Industry 4.0 Maintenance Readiness Index (I4MRI)

The 14MRI is formulated as a weighted composite of six
readiness dimensions, validated through AHP with a 14-
expert panel (Cronbach alpha = 0.912). The index
formula is:

I4MRI = 0.25(DI) + 0.20(AI) + 0.20(CI) + 0.15(SI) + 0.12(HI) +
0.08(GI)

DI=Data Infrastructure | Al=Analytics Capability |
CI=Connectivity Infrastructure | SI=Systems Integration |
HI=Human Capital | GI=Governance & Security

6. Results and Discussion
6.1 SF-EAPM System Performance Results

Table 2 presents the SF-EAPM system performance
metrics by plant and sector, aggregated over the full
prospective validation period. Results demonstrate
consistently high fault detection performance across all
six plants, with mean accuracy of 94.7% and false
positive rate of 3.2%.

Table 2: SF-EAPM Fault Detection and RUL Prediction
Performance by Plant

J
Fl- RUL

Plant Sector ) re RE o Error
; o

Score (hrs)

S-1 Aerospace 96.2 0.951 0.974 0.962 2.8 5.4
S-2 Aerospace 95.4 0.943 0.966 0.954 3.1 6.1
S-3 Semiconductor | 93.8 0.921 0.956 0.938 3.4 V2,
S-4 Semiconductor | 94.1 0.928 0.954 0.941 32 6.9
S-5 Inj. Moulding 94.6 0.938 0.955 0.946 3.1 7.1
S-6 Inj. Moulding 93.9 0.924 0.955 0.939 34 7.8

Note: FPR = False Positive Rate; RUL = Remaining Useful
Life prediction error in hours; results from prospective
validation period (months 19-24 for 24-month plants)
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6.2 Operational Impact Results

Table 3 presents the operational impact of SF-EAPM
deployment, comparing pre-deployment (12-month
baseline) and post-deployment (12-month post-
stabilisation) performance across key maintenance and
production metrics.

Table 3: Operational Impact of SF-EAPM Deployment
— Pre vs Post Comparison

Pre- Post-
Metric Deploy Deploy Improvement
Mean Mean
Unplanned <
Downtime 47.3 15.4 -31.9 hrs -67.4% 0.001%%*
(hrs/asset/yr) )
Maintenance <
Cost 12,840 7,539 -USD 5,301 -41.3% 0,001+
(USD/asset/yr) )

OEE (%) 74.6 84.2 +9.6 pp +12.9% 0'00<1***
MTBF (hrs) 1,847 3,124 +1,277 hrs +69.1% 0 00<1***
FETCE o Favourable <
Unplanned 1:23 3.8:1 . =

K X shift 0.001%**
Maint. Ratio

Note: pp = percentage points; MTBF = Mean Time
Between Failures; ***p < 0.001 (paired t-test, n = 214
assets); OEE improvement pooled across all 6 plants

6.3 Deployment Timeline and Performance

Trajectory

Figure 3 presents a Gantt-style deployment timeline
showing the SF-EAPM rollout phases across all six
plants, with fault detection accuracy trajectory overlaid
for each plant. The figure illustrates the rapid
performance stabilisation achieved within 3 months of
full sensor activation at each site.

M4-6 M7-9 M10-12 M13-15 M16-18

M22-
o 24
Commissio Calibrat Validat Produc Optimis

n

Plant / M1-3
Phase Install

Sustai
n

51
Aerospac
eJP

s-5 INSTAL COMMIS
Moulding L

P

3 INSTAL
Moulding L

FR

COMMIS

Figure 3: Deployment Timeline — Blue shades = setup
phases; Green/Amber/Purple shades = live accuracy
readings (darker = higher accuracy)

7.14MRI assessment results

Table 4 presents the 14MRI scores for all six plants
across the six readiness dimensions. Scores reflect
assessments conducted at study commencement,
enabling correlation analysis with subsequent SF-EAPM
performance outcomes.

Table 4: [4MRI Scores by Plant and Readiness
Dimension (Scale: 0-1)

Connectivit Governanc

Data Analytic

System Huma
Plant Infra s y sInt. n Cap. e
(D) (AD) (C) (SD) (HI) (GI)

S-1 0.88 0.84 0.91 0.82 0.79 0.86 0.856
S-2 0.85 0.81 0.88 0.79 0.76 0.83 0.826
S-3 0.79 0.87 0.83 0.76 0.71 0.78 0.802
S-4 0.82 0.89 0.85 0.78 0.73 0.80 0.819
S-5 0.76 0.78 0.81 0.74 0.72 0.75 0.772

S-6 0.74 0.75 0.79 0.71 0.69 0.73 0.748

Note: I4MRI scores assessed at study commencement;
Pearson r between [4MRI and QIEI = 0.924 (p < 0.01)

A strong positive correlation exists between [4MRI
scores and SF-EAPM fault detection accuracy (Pearsonr
= 0.924, p < 0.01), confirming that organisational and
technical readiness strongly predicts IloT-enabled PdM
implementation outcomes. Data Infrastructure (DI) and
Connectivity Infrastructure (CI) emerge as the strongest
individual predictors of SF-EAPM performance,
consistent with the system's fundamental dependence
on high-quality, high-frequency sensor data streams
and reliable edge-to-cloud network connectivity.
Human Capital readiness (HI) shows the lowest mean
score across all six plants (0.733), suggesting that
workforce upskilling in IloT and Al-adjacent
competencies represents the most universal readiness
gap for Industry 4.0 maintenance adoption.

8. Statistical Analysis

Paired-samples t-tests comparing pre- and post-
deployment values for all operational metrics yielded
highly significant results (p < 0.001 in all cases), with
large effect sizes (Cohen's d ranging from 2.14 for OEE
improvement to 4.87 for MTBF improvement). A
hierarchical regression model with fault detection
accuracy as the dependent variable and 14MRI sub-
scores, sector, and plant output volume as predictors
achieved R2 = 0931 [F(8,5) = 847, p = 0.019].
Connectivity Infrastructure (beta = 0.421, p = 0.031)
and Data Infrastructure (beta = 0.387, p = 0.042) were
the strongest significant predictors, while sector (beta =
0.183, p = 0.211) was non-significant, indicating that
readiness factors rather than sector characteristics
predominantly determine SF-EAPM implementation
success.

9. Discussion

The empirical results of this study advance the I1oT-
enabled predictive maintenance literature in four
important respects. First, the SF-EAPM system's mean
fault detection accuracy of 94.7% across six diverse
manufacturing plants and three sectors substantially
exceeds the 85-90% accuracy range reported in
comparable single-plant or simulated dataset studies
(Lei et al., 2020; Li et al, 2019), demonstrating that
multi-modal sensor fusion with edge-Al inference
achieves robust performance in real-world industrial
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deployment conditions. Second, the 6.8-hour mean RUL
prediction error provides maintenance planners with a
practically actionable forecast horizon for scheduling
condition-based maintenance interventions, enabling
the 67.4% unplanned downtime reduction observed in
the study.

Third, the strong [4MRI-performance correlation (r
= 0.924) provides the first empirically validated
evidence that composite readiness indices can reliably
predict IloT-enabled PdM implementation outcomes,
offering a practical screening tool for manufacturers
assessing their deployment readiness prior to
committing capital investment. Fourth, the consistently
lower Human Capital readiness scores across both
Japanese and French plants — despite their status as
advanced manufacturing economies — signals a global
industrial skills gap in IIoT and edge-Al competencies
that represents a critical bottleneck for Industry 4.0
maintenance adoption at scale. This finding has
significant implications for engineering education
curricula and corporate training programme design.
The superior performance of aerospace machining
plants (S-1, S-2) relative to injection moulding plants (S-
5, S-6) is attributable to higher baseline data
infrastructure maturity, greater investment in precision
condition monitoring, and longer Six Sigma and SPC
traditions in the aerospace sector that produce higher-
quality historical training data for TCN model
development. The semiconductor fabrication plants (S-
3, S-4) demonstrate unexpectedly strong acoustic
emission sensor contributions (F1 = 0.934), reflecting
the importance of micro-crack detection in
semiconductor processing equipment  where
mechanical integrity tolerances are extremely tight.

10. Conclusions and future directions

This paper has presented the design, implementation,
and 24-month empirical validation of the SF-EAPM
system — a novel IloT-native predictive maintenance
architecture integrating multi-modal sensor fusion with
edge-Al TCN inference across six manufacturing plants
in Japan and France. Key conclusions are: (1) SF-EAPM
achieves 94.7% mean fault detection accuracy and 6.8-
hour mean RUL prediction error across 214 production
assets spanning three manufacturing sectors; (2)
Deployment reduces unplanned downtime by 67.4%,
maintenance cost per asset by 41.3%, and improves
OEE by 12.8 percentage points; (3) The validated [4MRI
provides a reliable pre-deployment readiness screening
tool, with Connectivity and Data Infrastructure
dimensions as the strongest performance predictors;
and (4) Human Capital readiness represents the most
universal and critical gap for Industry 4.0 maintenance
adoption across both advanced manufacturing
economies studied.

Four directions for future research are identified.
First, extension of the SF-EAPM validation to developing
economy manufacturing contexts where infrastructure
constraints are more severe. Second, investigation of

federated learning approaches to enable cross-plant
TCN model improvement without requiring raw data
sharing — addressing the data sovereignty concerns
raised by plant managers during the study. Third,
integration of digital twin synchronisation with SF-
EAPM outputs to enable physics-informed RUL
prediction that combines data-driven and model-based
approaches. Fourth, longitudinal assessment of SF-
EAPM economic returns over 5-year investment
horizons to provide robust business case evidence for
capital investment decision-making.
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