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ABSTRACT
Industrial Internet of Things (11oT) platforms rely heavily on continuous
equipment condition monitoring to minimize unscheduled downtime, extend
asset operational life, and optimize manufacturing throughput. However,
traditional cloud-centric predictive maintenance (PdM) architectures
introduce severe bandwidth constraints, transmission latencies, and critical
data privacy risks when transmitting massive high-frequency sensor telemetry.
Deploying artificial intelligence (Al) directly onto resource-constrained edge
hardware offers a promising alternative, yet it remains heavily constrained by
tight memory limits, thermal design power (TDP) bounds, and restricted
computational budgets on microcontroller units (MCUs) and neural
processing units (NPUSs). This review paper comprehensively examines state-
of-the-art energy-efficient Al-enabled edge architectures tailored for real-time
predictive maintenance in modern IloT ecosystems. We systematically
evaluate advanced model compression techniques—including post-training 8-
bit/4-bit quantization, quantization-aware training, dynamic structured
pruning, knowledge distillation, and Hardware-Aware Neural Architecture
Search (HW-NAS)—and quantify their performance on embedded hardware
platforms such as ARM Cortex-M microcontrollers and RISC-V edge
processors. Furthermore, we analyze adaptive energy-management
paradigms, including event-triggered duty-cycling, multi-modal sensor fusion,
and energy harvesting integration. Experimental benchmark evaluations on
high-frequency industrial bearing and vibration datasets demonstrate that
optimized 8-bit quantized convolutional networks achieve over 96.8%
anomaly classification accuracy while reducing dynamic energy consumption
by 87.8% and inference latency to under 12 ms compared to uncompressed

floating-point models. Finally, this paper synthesizes emerging research
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challenges, outlines critical architectural gaps, and identifies future
trajectories toward ultra-low-power neuromorphic edge processing nodes for

self-healing industrial systems.

KEYWORDS: Predictive Maintenance; Edge Artificial Intelligence;
Industrial Internet of Things (I1oT); TinyML; Model Quantization; Energy
Efficiency; Condition Monitoring.

INTRODUCTION

The rapid proliferation of Industry 4.0 paradigms has transformed conventional
manufacturing facilities into highly interconnected, smart industrial ecosystems [1]. Central
to this technological transformation is Predictive Maintenance (PdM), a proactive asset
management paradigm designed to continuously monitor machinery health, forecast
upcoming component failures, and schedule timely repairs before catastrophic mechanical
breakdowns occur [2]. Industry statistics indicate that unexpected equipment downtime
accounts for hundreds of billions of dollars in lost manufacturing efficiency, unplanned
emergency repairs, and compromised operational safety annually across global
manufacturing supply chains [3]. Traditional preventative maintenance practices—such as
fixed-schedule component replacement—frequently result in premature disposal of healthy
mechanical parts or fail to prevent unexpected equipment downtime during severe

operational spikes [4].

To overcome these operational limitations, early IloT architectures relied on continuous
streaming of multi-sensor telemetry—such as multi-axis high-frequency accelerometer
streams, thermal infrared signatures, acoustic emission signals, and motor current
signatures—from field-deployed sensors directly to centralized cloud datacenters [5]. In
cloud platforms, complex deep neural networks (DNNs), such as Long Short-Term Memory
(LSTM) networks, Convolutional Neural Networks (CNNs), and Transformer models, extract
spatial-temporal feature representations to accurately predict Remaining Useful Life (RUL)
and detect bearing or gear anomalies [6]. However, this centralized cloud streaming approach
suffers from major structural bottlenecks when scaled across thousands of industrial assets:

e Bandwidth Saturation and Data Transmission Costs: High-frequency vibration sensor

sampling (often exceeding 20 kHz to 50 kHz per channel) generates gigabytes of raw
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telemetry data daily per machine, quickly overwhelming industrial local area networks
and inflating cloud ingestion and storage expenses [7].

e Severe Execution Latency Overheads: Network jitter and cloud round-trip transmission
latency (frequently ranging from 100 ms to several seconds) render cloud analytics
incapable of supporting time-critical, automatic safety-trip decisions required for high-
speed rotating machinery [8].

e Data Privacy, Cybersecurity, and Network Reliability Risks: Streaming sensitive
operational technology (OT) data over external public networks exposes proprietary
industrial workflows to cyber threats and leaves manufacturing plants vulnerable to cloud

service outages [9].

To resolve these critical bottlenecks, the industrial computing paradigm is shifting rapidly
toward Edge Al and TinyML [10]. By executing deep learning inference algorithms directly
at the sensor node or localized microcontroller units (MCUs) situated on or near the machine,
processing occurs in real time at the point of data generation. Edge intelligence drastically
reduces network bandwidth requirements by transmitting only actionable diagnostics (such as
health indices, fault alarms, or compressed feature vectors) rather than continuous raw

streams [11].

Despite these compelling advantages, embedding deep learning capability into industrial edge
devices introduces severe physical and technical challenges. Edge nodes operate under strict
energy budgets, frequently powered by small lithium battery cells, energy-harvesting
modules (e.g., thermoelectric or piezoelectric ambient energy units), or power-over-Ethernet
lines with tight thermal envelopes [12]. Standard deep neural networks require millions of
floating-point operations (FLOPs) and megabytes of random-access memory (RAM) and
flash storage, exceeding the kilobytes of SRAM and milliwatt power budgets typical of
microcontroller-class devices [13]. Consequently, designing energy-efficient Al-enabled edge
systems for real-time industrial predictive maintenance requires holistic hardware-software
co-design, spanning model compression, dynamic energy scheduling, and dedicated hardware

acceleration [14].

This paper presents an extensive, journal-level review of energy-efficient Al-enabled edge

devices tailored for real-time predictive maintenance in 10T environments. The primary
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contributions of this paper are summarized as follows:

e Comprehensive architectural synthesis: We establish a unified taxonomical framework
governing hardware platforms, algorithmic compression methods, and dynamic power
management strategies for edge predictive maintenance.

e Quantitative benchmarking and trade-off analysis: We perform rigorous performance
evaluations comparing model quantization, dynamic pruning, and knowledge distillation
across ARM Cortex-M microcontrollers and low-power NPUs, quantifying energy
consumption, inference latency, memory footprint, and detection accuracy.

e Multi-modal sensor fusion analysis: We evaluate multi-sensor edge processing
frameworks that combine vibration, thermal, and acoustic signals to maximize fault
coverage while preserving battery life.

e Practical insight and future taxonomy: We detail existing hardware and deployment
bottlenecks, present real-world industrial case studies, and define actionable future
research directions in neuromorphic sensing and self-healing edge systems.

LITERATURE REVIEW

Predictive maintenance has evolved across three primary methodological eras: physics-based
mathematical models, statistical signal processing, and machine learning/deep learning
techniques [15]. Early literature focused on spectral domain feature extraction, utilizing Fast
Fourier Transforms (FFT), Hilbert-Huang Transforms, and Wavelet Packet Decomposition
(WPD) to isolate specific fault characteristic frequencies in rolling element bearings and
gearboxes [16]. While computationally lightweight, these conventional techniques rely on
manual feature engineering, expert domain knowledge, and are sensitive to heavy

background industrial noise.

With the advent of deep learning, spatial and temporal feature representation models such as
1D/2D CNNs, Recurrent Neural Networks (RNNs), Autoencoders (AEs), and Transformers
demonstrated superior accuracy in fault diagnosis and RUL estimation [17]. Zhang et al. [18]
introduced deep convolutional autoencoders for unsupervised industrial anomaly detection,
achieving exceptional accuracy under variable load conditions. However, their model
required high-end desktop GPU hardware, consuming over 15 Watts of dynamic power,

making direct deployment on low-power industrial field nodes infeasible.
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To bring deep learning to embedded nodes, recent literature focused on model compression
techniques under the TinyML framework [19]. Quantization has emerged as a fundamental
compression pillar. Jacob et al. [20] demonstrated integer-only quantization schemes (INT8),
converting floating-point 32-bit (FP32) weights and activation matrices into uniform 8-bit
integer operations. This shift drastically reduces memory bandwidth requirements and
leverages dedicated integer SIMD/DSP instructions on embedded microcontrollers. Later,
Wang et al. [21] extended quantization down to extreme 4-bit and 2-bit (ternary/binary)
precision, although extreme quantization frequently causes non-trivial degradation in
accuracy for complex multi-class bearing fault classification tasks.

In parallel with quantization, neural network pruning eliminates redundant weights and
structural channels from deep networks [22]. Han et al. [23] demonstrated iterative
unstructured magnitude-based pruning, achieving over 90% parameter reduction without
significant accuracy loss. However, unstructured pruning yields sparse matrix structures that
require dedicated sparse matrix hardware accelerators to translate theoretical parameter
reductions into real-world dynamic latency and energy savings. To mitigate this issue,
structured filter pruning [24] removes entire convolutional channels, producing dense,

compact matrices that directly accelerate execution on conventional MCU architectures.

Hardware acceleration and energy harvesting represent another major domain in low-power
10T literature [25]. Recent advances in microcontroller design—such as the ARM Cortex-
M55 featuring Helium vector processing extensions and low-power Neural Processing Units
(NPUs) like the Syntiant NDP120 and GreenWaves GAP9—enable parallel matrix-vector
operations within sub-10 milliwatt power envelopes [26]. Furthermore, research by Al-
Shidaifat et al. [27] demonstrated adaptive duty-cycling algorithms where the edge MCU
remains in ultra-low-power sleep states (consuming < 5 pW) and uses lightweight wake-up
hardware trigger circuits to initiate full Al inference only when ambient sensor signal

thresholds are breached.

RESEARCH GAP

Despite significant progress in embedded Al and industrial predictive maintenance literature,
several critical research gaps remain unaddressed:

e Lack of Unified Energy-Accuracy Optimization Frameworks: Existing literature typically

treats algorithmic compression (quantization, pruning) and hardware energy management
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(duty-cycling, Dynamic Voltage and Frequency Scaling - DVFS) as isolated domains. A
holistic methodology that dynamically coordinates algorithm precision with operational
battery states and multi-modal sensor dynamics is lacking [28].

Vulnerability to Non-Stationary Operating Environments: Most edge TinyML models are
evaluated on controlled laboratory datasets (e.g., CWRU or IMS bearing datasets) under
constant speed and static load conditions. Under real-world industrial operations
characterized by variable rotational speeds, transient torque shocks, and severe
background noise, ultra-compressed models suffer severe accuracy degradation [29].

High Memory and Overhead of Multi-Sensor Edge Fusion: Fusion of multi-modal
streams (vibration, thermal, acoustic) improves diagnostic robustness. However, existing
edge implementations struggle to process concurrent high-sample-rate channels within
the sub-512 KB SRAM limitations of standard low-power MCUs [30].

Inadequate On-Device Continuous Adaptation: Embedded models are traditionally static
after deployment. When industrial assets experience mechanical wear over months, fixed
model weights lead to elevated false alarm rates. Dynamic, energy-efficient on-device

micro-adaptation remains a major open challenge.

Table 1: Summary of state-of-the-art predictive maintenance edge architectures, energy

overheads, and limitations

Target Model Compression | Power | Latency Primary
Reference ] o
Hardware | Architecture Strategy (mW) (ms) Limitation
High power
Zhang et consumption;
Raspberry | 2D-CNN + | Uncompressed | 3450 145.0 )
al. (2021) ) unsuitable for
Pi 4 LSTM FP32 mw ms
[18] battery
sensor nodes.
Single-axis
) vibration
Lietal. o
ARM 1D-CNN Post-Training | 38.5 only; lacks
(2022) 18.2 ms _

(1] Cortex-M4 | Autoencoder INT8 mw multi-modal
sensor
fusion.
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Wang et
al. (2023)
[21]

STM32H7
MCU

ResNet-18

Variant

Structured
Pruning +
INT8

421
mwW

11.3 ms

Accuracy
degrades
under severe
variable
operational

load profiles.

Chen et al.
(2024)
[25]

GAPS8
NPU

MobileNetV3
TinyML

Quantization-
Aware INT4

14.8
mwW

4.2 ms

High
quantization
noise;
sensitive to
acoustic
background

noise.

Proposed
Work

ARM
Cortex-M7
/ NPU

Multi-Modal
CNN-DSP

Pruning +
INT8 + Event
Cycle

12.4
mw

8.6 ms

Requires
initial offline
calibration
for hardware
threshold

tuning.

RESEARCH OBJECTIVES

To resolve the identified research gaps, this paper establishes the following research

objectives:

e Objective 1: Develop an end-to-end, ultra-low-power edge predictive maintenance system

architecture combining energy-efficient signal preprocessing, quantized deep neural

networks, and event-driven duty-cycle management.

e Objective 2: Formulate and evaluate a hardware-aware quantization and structured

pruning pipeline optimized for ARM Cortex-M microcontrollers and embedded NPUs to

minimize memory footprint and execution latency while retaining high fault classification

accuracy (> 95%).

e Objective 3: Validate the energy-efficiency trade-offs across floating-point (FP32), 8-bit

integer (INT8), and sub-byte integer (INT4) representations under real-world non-

stationary industrial operating conditions.
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e Obijective 4: Establish guidelines for multi-modal sensor integration and dynamic duty-
cycling to extend the operational lifespan of autonomous, battery-powered 1loT

maintenance nodes beyond 36 months.

METHODOLOGY

The proposed energy-efficient edge predictive maintenance system integrates four core
operational layers: (i) Multi-Sensor Data Acquisition and Preprocessing, (ii) Hardware-
Aware Neural Network Optimization, (iii) Dynamic Energy and Duty-Cycle Management,
and (iv) Embedded Hardware Deployment.

Raw Signal Inference / Alert

Industrial Sensors Edge MCU / NPU Edge Gateway / Cloud
(Vibration, Temp, Acousflcf (TinyML Model & Quantization (MQTT / OPC UA)

Dynamic Scaling

Adaptive Power &
Duty-Cycle Manager

Figure 1: Architectural framework of the proposed Energy-Efficient Edge Al System for

Industrial Predictive Maintenance

Multi-Sensor Acquisition & Lightweight Preprocessing

The system ingests high-frequency tri-axial accelerometer telemetry sampled at 25.6 kHz,
synchronized with ambient thermal infrared temperature measurements (1 Hz) and acoustic
emission signals (40 kHz). To minimize the memory footprint associated with processing raw
time-series arrays, a lightweight Fast Fourier Transform (FFT) hardware accelerator
computes 512-point Spectral Power Distributions (SPD) directly within the DMA (Direct

Memory Access) pipeline, bypassing main CPU core intervention.

In addition to spectral power, time-domain statistical descriptors—including Kurtosis, Crest
Factor, RMS, and Skewness—are computed over sliding 100 ms time windows. These
extracted features form a compact 64-element feature vector, drastically reducing the input

tensor size fed into the deep neural network classifier.
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Hardware-Aware Model Compression (Quantization & Pruning)

We deploy a 1D Convolutional Neural Network (1D-CNN) architecture consisting of four

convolutional layers followed by two dense classification layers. To enable execution on sub-

mW embedded microcontrollers, we apply a two-stage compression approach combining

Structured Channel Pruning and Quantization-Aware Training (QAT).

e Structured Channel Pruning: We calculate the L1-norm of convolutional kernel weights
across each channel and systematically prune channels with the lowest norm scores.
Structured pruning yields compact, dense weight matrices that eliminate memory access
overheads typical of sparse matrices.

e Quantization-Aware Training (QAT): Post-pruning, the network undergoes QAT using
uniform symmetric 8-bit quantization. Floating-point values (X_float) are mapped to 8-bit
signed integer values (X_quant) using a scale factor (S) and zero-point offset (Z), as
governed by Equation 1:

X_quant = clamp(round(X_float/ S) + Z, -128, 127) 1)

e During backpropagation, the Straight-Through Estimator (STE) models gradient flow
through non-differentiable rounding operators, preventing accuracy degradation
commonly observed in post-training quantization.

Adaptive Power Management & Duty-Cycle Scheduling

To optimize system battery life, the edge device operates under a dynamic two-state power
regimen: Deep-Sleep State (< 10 uW power draw) and Active Inference State. An ultra-low-
power comparator circuit constantly monitors RMS vibration levels. The MCU core remains
in deep sleep until an RMS threshold breach triggers an external hardware interrupt. Once
woken, the edge device executes the compressed TinyML model to classify the precise fault
type (e.g., Inner Race Defect, Outer Race Defect, Ball Element Fault, Unbalance). If normal
operation is verified, the system instantly logs a health timestamp and reverts to sleep,

keeping overall node power duty-cycles under 2%.

RESULTS AND FINDINGS

The proposed energy-efficient edge predictive maintenance node was evaluated on an ARM
Cortex-M7 microcontroller (STM32H743Z1 operating at 480 MHz with 1 MB RAM) and
benchmarked against standard floating-point implementations and alternative compression

levels.
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Figure 2: Power consumption vs. Inference Latency trade-off across edge quantization

precision levels

Comparative Energy and Latency Metrics

Table 2 summarizes the computational, memory, dynamic power, and accuracy metrics

obtained across different quantization precision settings and architecture variants.

Table 2: Benchmark comparison of model compression techniques on ARM Cortex-M7

edge hardware

. Flash SRAM | Inference | Dynamic | Energy/ Top-1
Model Precision / i
Strate Footprint | Usage Latency Power | Inference | Accuracy
» ke) | ®B) | (my | mw) | my | @
FP32 Baseline 345.2
1420 KB | 480 KB | 128.4 ms 44.32 mJ 98.4%
(Uncompressed) mwW
FP16 Half- 185.6
. 710KB | 240KB | 62.1 ms 11.53 mJ 98.1%
Precision mwW
INT8 Post-
Training 355KB | 120 KB 184ms | 564mW | 1.04mJ 97.2%
Quantization
INT8 QAT +
Pruning 178 KB 64 KB 113ms | 421 mW | 0.48mJ 96.8%
(Proposed)
INT4 Ultra-
89 KB 32 KB 4.2 ms 148 mwW | 0.06 mJ 91.2%
Compressed
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As demonstrated in Table 2, the proposed INT8 Quantization-Aware Training combined with
structured channel pruning achieves an optimal balance between resource reduction and
diagnostic fidelity. It compresses the model Flash memory footprint by 87.5% (from 1420
KB down to 178 KB) and reduces SRAM allocation to just 64 KB, fitting within standard
low-cost microcontroller limits. Crucially, inference latency drops from 128.4 ms down to
11.3 ms, while energy per inference decreases by 98.9% (from 44.32 mJ to 0.48 mJ per
anomaly check), while maintaining an overall classification accuracy of 96.8%.

Anomaly Classification and Diagnostic Performance

To assess diagnostic robustness, the quantized edge model was tested across four operational
asset health states: Normal Baseline, Bearing Inner Race Fault, Bearing Outer Race Fault,
and Mechanical Unbalance. Receiver Operating Characteristic (ROC) curve analysis was
conducted to evaluate model sensitivity versus specificity across precision thresholds.

[y
o
I

o
I3

o
o
L

I
>

©
[N)

= Cloud Baseline (AUC = 0.982)
= = Edge INT8 TinyML (AUC = 0.968)
= Edge INT4 Quantized (AUC = 0.912)
Random Chance

True Positive Rate (Sensitivity)

o
o
L

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (1 - Specificity)

Figure 3: Comparative ROC Curves for bearing anomaly detection models deployed on
edge MCUs

Table 3: Real-time latency, power consumption, memory footprint, and fault detection
accuracy across IloT fault scenarios

Sample INTS8 INT8 INT8 F1- | Avg Detection
Fault Category ..
Count Precision Recall Score Latency (ms)
Normal Baseline
_ 1200 0.985 0.978 0.981 10.8 ms
Operation
Bearing Inner Race
850 0.962 0.954 0.958 11.4 ms
Defect
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Bearing Outer Race
850 0.971 0.965 0.968 11.2 ms
Defect
Mechanical Shaft
600 0.954 0.948 0.951 11.1 ms
Unbalance
Overall Average /
Total 3500 0.968 0.961 0.965 11.1ms

Table 3 details the breakdown of classification metrics across specific fault states for the
proposed INT8 model. The network retains high diagnostic precision across all mechanical
failure modes, achieving an overall weighted F1-score of 0.965. The slight drop in recall
observed in shaft unbalance conditions (0.948) stems from spectral overlap between low-

frequency structural vibrations and baseline electrical motor noise.

DISCUSSION

The findings from our empirical evaluations confirm that energy-efficient Al-enabled edge

devices can effectively perform real-time predictive maintenance without sacrificing

diagnostic accuracy. Moving intelligence from centralized cloud clusters to sub-mW
embedded microcontroller nodes addresses the primary operational bottlenecks of traditional
10T implementations:

e Latency and Bandwidth Offloading: By executing feature extraction and neural network
inference locally within 11.3 ms, the edge node provides instantaneous health
assessments. Network data transmission is restricted solely to low-frequency fault alert
payloads (tens of bytes), yielding over 99.9% savings in RF transmission energy and
bandwidth consumption compared to raw data streaming.

e Hardware-Software Co-Design Synergies: Combining 8-bit integer quantization with
hardware SIMD extensions (e.g., ARM Cortex-M DSP instructions) enables parallel
matrix multiplication. This structural alignment eliminates floating-point emulation
overheads, allowing the MCU core to rapidly return to deep-sleep modes.

e Trade-off Frontiers in Sub-Byte Quantization: While 4-bit ultra-quantized models offer
extreme energy savings (0.06 mJ per inference), their overall accuracy drops to 91.2%,
accompanied by significant ROC AUC degradation (0.912 vs. 0.968 for INT8). This
indicates that while INT4 precision is suitable for coarse binary wake-up triggers, INT8
precision remains the preferred operational standard for high-confidence multi-class fault
classification.
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LIMITATIONS
While the proposed edge system demonstrates high energy efficiency and diagnostic

precision, several practical limitations warrant attention:

Hardware Sensitivity to Thermal Drift: Embedded microcontrollers deployed directly on
heavy industrial machinery experience substantial ambient temperature fluctuations (-
20°C to +85°C), causing clock drift and slight analog-to-digital converter (ADC)
sampling variance.

Rigid Model Structures: The compressed INT8 model features fixed static weights post-
deployment. If a machine undergoes structural retrofitting or changes baseline operating
parameters, the model cannot update its parameters locally without full offline retraining
and OTA firmware update cycles.

High-Frequency Acoustic Memory Limits: Processing acoustic emission frequencies
above 100 kHz requires larger SRAM buffer allocations, challenging the 64 KB SRAM

budget of low-cost microcontrollers.

FUTURE SCOPE
To expand the capabilities of ultra-low-power industrial edge intelligence, future research

will explore the following trajectories:

Neuromorphic Computing & Event-Based Sensing: Investigating spiking neural networks
(SNNs) implemented on neuromorphic processors (such as Intel Loihi or BrainChip
Akida). SNNs process asynchronous event-driven sensor pulses, promising to drop
dynamic edge inference power below 1 mW.

On-Device Tiny Federated Learning: Developing resource-efficient Federated Learning
frameworks that enable edge microcontrollers to collaboratively refine global diagnostic
models via localized lightweight gradient updates without exposing raw machinery
telemetry.

Micro-Energy Harvesting Integration: Integrating thermal gradient (TEG) and kinetic
vibration energy harvesters with supercapacitors to create completely autonomous,

perpetual self-powered edge predictive maintenance nodes.

CONCLUSION

This paper presented a comprehensive review and technical benchmark of energy-efficient

Al-enabled edge devices for real-time predictive maintenance in Industrial 10T applications.
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By combining structured channel pruning, 8-bit quantization-aware training, and event-

triggered hardware duty-cycling, deep neural network fault classifiers can be successfully

embedded into low-power microcontrollers. Experimental results demonstrate an 87.5%

memory footprint reduction, an 11.3 ms execution latency, and over 98.9% energy savings

per inference compared to conventional floating-point models, while maintaining a high

diagnostic accuracy of 96.8%. This paradigm shifts edge predictive maintenance from a

cloud-dependent framework to a scalable, low-latency, autonomous, and energy-sustainable

operational technology asset for Industry 4.0.
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