Journal of Embedded Systems & Its Applications
MA Nl ECH Volume 10 Issue 2, July-December 2025

Publications

AI Driven Predictive Maintenance at the Edge

Kameshwar Soni, Mantu Agrawal
Associate Professor, Assistant Professor
Department of Real-Time Systems and Embedded Applications

Lakshmibai National Institute of Physical Education, India

kameshwarsonisi@yahoo.com, mantuagral Swal@gmail.com

Abstract

Predictive maintenance (PdM) has emerged as a transformative strategy in industrial and
manufacturing domains, allowing organizations to anticipate equipment failures, reduce
downtime, and optimize operational costs. The integration of Artificial Intelligence (Al) with
edge computing has enabled real-time analytics, rapid decision-making, and localized
processing of large-scale sensor data. This review paper discusses the architecture,
methodologies, and applications of AI-driven predictive maintenance at the edge, highlighting
its benefits, limitations, and future prospects. The paper also presents case studies and
illustrative models for deploying Al at edge nodes to enable proactive maintenance strategies
in diverse industrial environments.
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1. INTRODUCTION

In the current industrial landscape, equipment failures contribute significantly to operational
inefficiencies and financial losses. Traditional maintenance approaches—reactive or
scheduled—often fail to optimize machine uptime and resource utilization. Predictive
maintenance (PdM) leverages real-time monitoring, historical data, and machine learning
algorithms to forecast potential failures and schedule timely maintenance.

Recent advances in Edge Computing have shifted computational capabilities closer to the
data source, reducing latency, bandwidth usage, and dependence on cloud infrastructure.
When combined with Al, edge-based PAM enables real-time decision-making, critical for

high-speed manufacturing, remote operations, and autonomous industrial environments.
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The focus of this paper is to examine Al-driven predictive maintenance strategies
implemented at the edge, exploring system architectures, algorithms, challenges, and

emerging applications in industrial domains.

2. LITERATURE REVIEW

Predictive maintenance has been a research focus for decades, evolving from statistical
methods to Al-based models:

Statistical Models: Early PdM relied on regression analysis, Weibull distributions, and
survival analysis to estimate failure probabilities (Jardine et al., 2006).

Machine Learning Approaches: Recent studies employ supervised, unsupervised, and
reinforcement learning for fault detection (Zhang et al., 2019). Techniques such as Random
Forest, Support Vector Machines (SVM), and Neural Networks have shown improved
accuracy over classical methods.

Edge Computing Integration: Edge-based PdM reduces latency, enables localized decision-
making, and reduces data transfer to the cloud (Shi et al., 2016).

Industrial IoT Applications: Sensor-rich environments such as smart factories and wind
turbines use Al models at edge nodes to continuously monitor vibration, temperature, and
pressure metrics (Lee et al., 2018).

Table 1. Selected Literature on AI-Driven Predictive Maintenance

Author(s) ||Year Technique Deployment Key Finding
Jardine et o Early failure prediction
2006 ||Statistical models Cloud i
al. possible

‘ Improved fault detection
Zhang et al. |2019|Deep Learning, SVM Cloud/Edge

accuracy
Edge Computing Latency reduced, localized
Shietal. |2016 ‘ Edge
Integration control
Real-time predictive
Leeetal. |2018|IoT Sensors + ML Edge

maintenance
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3. Architecture of AI-Driven Predictive Maintenance at the Edge

Al-driven predictive maintenance deployed at the edge follows a layered architecture that
distributes sensing, computation, intelligence, and storage across different tiers of the system.
This layered design ensures low latency decision-making, efficient bandwidth usage, and
scalable intelligence across industrial environments. The architecture generally consists of
three major layers:

Sensor Layer (Data Acquisition Layer)

Edge Layer (Local Intelligence Layer)

Cloud Layer (Central Intelligence and Storage — Optional)

Each layer has a specific responsibility in transforming raw machine data into actionable

maintenance insights.

3.1 Sensor Layer — Data Acquisition Layer

The sensor layer is the foundation of predictive maintenance. It is responsible for continuous
monitoring of machine health parameters through IoT-enabled sensors embedded in
equipment.

Types of Sensors Commonly Used

Parameter
Sensor Type Purpose in PAM
Measured
o . Detect imbalance, misalignment, bearing
Vibration sensors Frequency, amplitude
faults
Temperature sensors  ||Heat levels Identify overheating, lubrication issues
Pressure sensors Fluid/gas pressure Detect leaks, pump or valve failures
Current/Voltage _ ‘ ' -
Electrical signals Identify motor faults, overload conditions
Sensors
Acoustic sensors Sound patterns Detect friction, wear, cavitation
Humidity sensors Moisture level Prevent corrosion and insulation degradation
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Key Functions

Continuous real-time data acquisition at high sampling rates.

Use of analog-to-digital converters (ADC) for digitizing signals.

Timestamping and synchronization for time-series analysis.

Communication via industrial protocols such as MQTT, Modbus, CAN, OPC-UA.

The quality and granularity of data captured at this layer directly affect the performance of Al
models at the edge.

3.2 Edge Layer — Local Intelligence Layer

The edge layer is the core of Al-driven predictive maintenance. It is where raw sensor data
is transformed into meaningful predictions using local processing and Al inference.
Edge devices may include:

Industrial gateways

Embedded controllers (ARM-based boards, Raspberry Pi, Jetson Nano)
FPGA/ASIC accelerators

PLCs with Al capabilities

3.2.1 Data Preprocessing at the Edge

Before feeding data into Al models, preprocessing is essential:

Noise filtering using Kalman filters, Butterworth filters

Signal smoothing and normalization

Missing data handling

Windowing of time-series data

Data compression for efficient storage/transmission

This reduces computational load and improves model accuracy.

3.2.2 Feature Extraction

Instead of sending raw high-volume data to Al models, significant features are extracted:
FFT (Fast Fourier Transform) for frequency domain analysis

RMS (Root Mean Square) for vibration intensity

Statistical measures: mean, variance, kurtosis, skewness

Time-domain and frequency-domain hybrid features

Wavelet transforms for transient fault detection
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Feature extraction reduces data dimensionality and speeds up inference.

3.2.3 Al Model Inference

Lightweight AI/ML models are deployed at the edge for real-time predictions:
Fault classification using SVM, Random Forest

Anomaly detection using Autoencoders

RUL estimation using LSTM and GRU networks

TinyML and TensorFlow Lite models for microcontrollers

The edge device generates:

Fault alerts

Health index score

Remaining Useful Life (RUL) predictions

Maintenance recommendations

All decisions are made locally within milliseconds, ensuring minimal latency.
3.2.4 Local Storage and Visualization

Temporary buffering of data

Local dashboards or HMI panels

Immediate alerts via SMS, alarms, or SCADA systems

3.3 Cloud Layer — Central Intelligence and Storage (Optional)

While the edge handles real-time decision-making, the cloud plays a supportive and long-
term analytical role.

Functions of Cloud Layer

Long-Term Data Storage: Historical data archived for trend analysis.

Model Training and Updates: Complex deep learning models trained using large datasets.
Fleet-Level Analytics: Comparing performance across multiple machines/plants.

Model Deployment: Updated Al models sent back to edge devices.

Digital Twin Integration: Virtual representation of machines for simulation.

Only summarized insights or compressed data is transmitted from edge to cloud, reducing

bandwidth usage.
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Figure 1. Al-driven Predictive Maintenance Architecture at the Edge

4. A1 AND MACHINE LEARNING TECHNIQUES FOR PREDICTIVE
MAINTENANCE (PDM)

Al and Machine Learning (ML) form the intelligence core of predictive maintenance
systems. These techniques convert raw sensor data into actionable insights such as fault
classification, anomaly detection, and Remaining Useful Life (RUL) estimation.
Depending on the availability of labeled data, system dynamics, and computational capability
at the edge, different learning paradigms are adopted.

The major Al approaches used in PdM include:

Supervised Learning

Unsupervised Learning

Reinforcement Learning

Hybrid Learning Models

4.1 Supervised Learning

Description

Supervised learning relies on labeled historical datasets where input sensor signals are
mapped to known machine states (healthy, faulty, degraded). These models learn patterns

associated with failures and can predict similar patterns in real time.
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Applications

Classification of bearing faults, gear defects, motor winding failures
Estimation of Remaining Useful Life (RUL)

Predicting time-to-failure using historical trends

Health index scoring of machines

Limitations

Requires extensive labeled failure data, which is often difficult to obtain

Model retraining needed when machine behavior changes

4.2 Unsupervised Learning

Description

Unsupervised learning is useful when labeled data is unavailable. These models learn the
normal behavior of machines and detect deviations as anomalies.
Applications

Real-time abnormal vibration or temperature pattern detection
Early-stage fault indication without prior failure examples
Detecting unknown or rare faults

Monitoring newly installed equipment

Advantages

No need for labeled data

Suitable for edge devices with limited storage

Detects novel and unseen faults

4.3 Reinforcement Learning (RL)

Description

Reinforcement learning involves an Al agent that interacts with the environment (machine)
and learns optimal actions based on rewards and penalties. In PdM, the RL agent learns when
to schedule maintenance to minimize downtime and cost.

How RL Works in PAM

State: Current health condition from sensors

Action: Perform maintenance / continue operation
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Reward: Reduced downtime, cost savings
Policy: Optimal maintenance decision strategy
Applications

Adaptive maintenance scheduling

Dynamic load adjustment to extend machine life
Optimizing spare parts replacement cycles
Energy-efficient machine operation

Challenges

Requires continuous interaction data
Computationally heavier than other methods

Complex to deploy on very small edge devices

4.4 Hybrid Models

Description

Hybrid models combine supervised and unsupervised techniques to overcome limitations of
individual approaches. These models improve robustness, especially when labeled data is
limited.

Examples of Hybrid Approaches

Autoencoder (unsupervised) for feature learning + SVM (supervised) for fault classification
Clustering to identify operating modes + LSTM for RUL prediction

PCA for dimensionality reduction + Random Forest for prediction

Benefits

Improved fault detection accuracy

Robust performance with limited data

Better generalization to unseen operating conditions

Efficient for edge deployment due to reduced feature space

5. IMPLEMENTATION STRATEGIES
Edge Hardware: Single-board computers (Raspberry Pi, NVIDIA Jetson), FPGA-based

accelerators for low-latency Al inference.

106 Page 99-109 © MANTECH PUBLICATIONS 2025. All Rights Reserved



Journal of Embedded Systems & Its Applications
MANI ECH Volume 10 Issue 2, July-December 2025

Publications

Data Preprocessing: Noise filtering, data augmentation, and feature scaling performed at the
edge.

Model Deployment: Lightweight ML/DL models (TensorFlow Lite, PyTorch Mobile)
deployed for real-time inference.

Maintenance Alerts: Al predicts potential failures; alerts sent to operators via dashboards or

industrial HMI.
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Figure 2. Edge-Based Predictive Maintenance Workflow

6. CASE STUDIES AND APPLICATIONS

6.1 Manufacturing Industry

Al-driven edge PAM monitors CNC machines, reducing unplanned downtime by 25-40%.
Edge processing allows rapid intervention without reliance on cloud connectivity.

6.2 Energy Sector

Wind turbines are equipped with vibration and temperature sensors. Edge Al models predict

bearing and gearbox failures, preventing catastrophic failures.
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6.3 Automotive Industry
Edge-based PdM in autonomous vehicles predicts critical component failures, ensuring safety

and operational continuity.

7. ADVANTAGES OF EDGE-BASED PREDICTIVE MAINTENANCE

Reduced Latency: Real-time decision-making without cloud dependency.

Bandwidth Efficiency: Only essential insights are sent to the cloud, reducing network load.
Enhanced Security: Sensitive industrial data processed locally.

Scalability: Modular edge nodes can be deployed across factories and plants.

Cost Savings: Reduced downtime and optimized maintenance schedules.

8. CHALLENGES AND LIMITATIONS

Data Scarcity: Edge nodes may have limited historical data for training complex models.
Resource Constraints: Limited computing, memory, and energy at edge devices.

Model Maintenance: Frequent updates are required to keep Al models accurate.
Integration Complexity: Interfacing legacy industrial systems with edge Al can be
challenging.

Cybersecurity Risks: Edge nodes may be vulnerable to local attacks if not secured properly.

9. FUTURE DIRECTIONS

. Federated Learning: Enables multiple edge devices to collaboratively train Al models

without sharing raw data.

Explainable AI (XAI): Enhances trust by providing interpretable fault predictions.
Edge-Cloud Hybrid Models: Dynamic allocation of Al workloads between edge and cloud
based on latency and compute needs.

Integration with Digital Twins: Creating virtual replicas of machines for precise predictive
analytics.

5G and Beyond: Ultra-low latency networks enable real-time, large-scale edge deployments.
10. CONCLUSION

Al-driven predictive maintenance at the edge is revolutionizing industrial operations by

combining real-time data analytics, machine learning, and IoT sensor networks. Edge-based
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deployments minimize latency, enhance data security, and enable proactive maintenance
strategies. Despite challenges related to resource constraints, data scarcity, and integration
complexities, emerging technologies such as federated learning, explainable Al, and digital
twins provide promising solutions. Future research will focus on scalable, interpretable, and
autonomous PdM systems capable of ensuring operational efficiency and reducing industrial

downtime.
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