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Abstract 

Industrial machines are becoming more complex and distributed in modern smart 

manufacturing environments. Continuous monitoring of machine health is required 

to reduce unexpected downtime, improve productivity, and enhance operational 

safety. Traditional cloud-based monitoring approaches often suffer from latency, 

bandwidth limitations, and data privacy issues. Edge-AI embedded systems offer a 

promising solution by integrating artificial intelligence algorithms directly into 

embedded hardware located near machines. These systems enable real-time 

condition monitoring, anomaly detection, and predictive maintenance with minimal 

communication overhead. This paper reviews the architecture, components, 

algorithms, and applications of Edge-AI embedded systems for machine 

monitoring. The study also discusses recent advances in TinyML, edge sensors, and 

industrial IoT platforms that support machine health assessment. Challenges such 

as resource constraints, model optimization, and security concerns are highlighted 

along with future research directions. The results show that Edge-AI monitoring 

can significantly improve machine reliability and reduce maintenance cost in 

Industry 4.0 environments. 
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maintenance, Industrial IoT, TinyML 

 



International Journal of Mechatronics and Manufacturing Technology 

Volume 1, Issue 1, January-June 2016  

 

      
  
 
 
 

38 Page 37-54 © MANTECH PUBLICATIONS 2016. All Rights Reserved 

 

INTRODUCTION 

Industrial manufacturing systems depend on reliable operation of machines such as motors, pumps, 

compressors, and robotic equipment. Failures in such machines leads to production loss, safety 

risks, and maintenance cost. Traditional maintenance strategies like reactive or scheduled 

maintenance are inefficient because faults are detected only after occurrence or based on fixed 

time intervals. Predictive maintenance using sensor data and machine learning is therefore widely 

adopted in smart factories. 

 

However, many predictive maintenance solutions rely on cloud computing. Sending high-

frequency sensor data continuously to cloud servers creates bandwidth load and latency, which 

limits real-time response. Edge computing overcomes these limitations by performing 

computation near the data source. Edge-AI embedded systems integrate sensing, processing, and 

inference directly within or near machines. This enables faster anomaly detection and local 

decision making. 

 

Recent industrial developments show that embedded AI devices can process vibration, 

temperature, or acoustic signals locally and detect faults before failure. Edge-based monitoring 

reduces downtime and improves equipment lifespan through early fault detection and continuous 

health tracking. 

 

This paper reviews the concept and implementation of Edge-AI embedded systems specifically for 

machine monitoring applications. 

 

CONCEPT OF EDGE-AI EMBEDDED MONITORING 

Edge-AI embedded monitoring combine’s artificial intelligence, embedded electronics, and 

industrial sensing to enable intelligent machine health assessment directly at the equipment level. 

In traditional industrial monitoring, sensor signals from machines are transmitted continuously to 

centralized servers or cloud platforms where analytics is performed. While such architecture 

provides high computational power, it introduces communication delay, network dependency, and 

large data transmission requirements. 



International Journal of Mechatronics and Manufacturing Technology 

Volume 1, Issue 1, January-June 2016  

 

      
  
 
 
 

39 Page 37-54 © MANTECH PUBLICATIONS 2016. All Rights Reserved 

 

Edge-AI embedded monitoring shifts intelligence from centralized servers to distributed 

embedded nodes placed near or inside machines. These nodes collect sensor signals, process them 

locally, and run trained AI models to evaluate machine condition in real time. Only important 

results such as anomalies, health scores, or alarms are transmitted to supervisory systems. This 

distributed intelligence approach aligns with Industry 4.0 requirements of autonomy, scalability, 

and reliability. 

 

In industrial environments where machines operate continuously and failures must be detected 

instantly, Edge-AI monitoring ensures that diagnostic decisions are taken within milliseconds 

rather than seconds or minutes. It also reduces dependency on stable internet connectivity, which 

is important in remote factories or harsh environments. 

 

1. Edge AI in Industrial Systems 

Edge AI refers to deployment of artificial intelligence algorithms directly on edge devices such as 

microcontrollers, embedded boards, smart sensors, or industrial gateways located close to the data 

source. Instead of transmitting raw sensor streams to cloud servers for analysis, data is processed 

locally at the edge and only meaningful information is communicated upstream. 

 

In industrial systems, machines generate large volumes of condition data including vibration 

signals, acoustic emissions, motor currents, temperatures, and pressures. Continuous transmission 

of such high-frequency data can overload industrial networks and increase latency. Edge-AI solves 

this problem by performing filtering, feature extraction, and inference directly on embedded 

hardware. 

 

For example, a vibration sensor attached to a motor may sample data at several kHz frequency. 

Rather than sending all raw samples to cloud, the embedded AI node calculates spectral features 

and detects bearing fault signatures locally. Only a fault alert or health indicator is transmitted to 

maintenance system. This significantly reduces data traffic while maintaining diagnostic accuracy. 

Edge-AI in industrial environments provides several major advantages: 
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 Low latency response: 

Since computation occurs near the machine, anomaly detection and decision making happen 

almost instantly. This is critical for safety-related equipment or high-speed manufacturing 

lines. 

 

 Reduced bandwidth usage: 

Only processed results or events are transmitted instead of raw signals, reducing network load 

and storage requirements. 

 

 Improved data privacy: 

Sensitive operational data remains within factory premises rather than being uploaded to 

external servers, which is important for proprietary manufacturing processes. 

 

 Offline operation capability: 

Edge-AI nodes can continue monitoring and detecting faults even when network or cloud 

connectivity is unavailable. 

 

 Real-time machine monitoring: 

Continuous on-device inference enables immediate detection of abnormal behavior such as 

vibration spikes, overheating, cavitation noise, or electrical instability. 

 

Another important aspect is scalability. In large plants with hundreds of machines, cloud-only 

monitoring can become impractical due to communication overhead. Edge-AI distributes 

computation across many nodes, making system scalable and robust. 

 

Edge-AI also supports hierarchical analytics, where basic detection occurs at sensor node and 

higher-level analytics occurs at gateway or cloud. Such layered intelligence allows efficient 

monitoring across complex industrial assets. 

 

2. Embedded Systems for Machine Monitoring 

An embedded system is a specialized hardware–software platform designed to perform dedicated  
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functions with high reliability and low power consumption. In machine monitoring applications, 

embedded systems act as intelligent sensing and diagnostic units permanently installed on 

machines. 

 

Unlike general-purpose computers, embedded monitoring systems are optimized for continuous 

operation in industrial conditions such as vibration, dust, temperature variation, and 

electromagnetic noise. They typically consist of sensors, signal conditioning circuits, 

microcontroller or processor, memory, and communication interface integrated into compact 

rugged modules. 

 

In machine monitoring, embedded systems perform several essential functions: 

 Sensor data acquisition: 

Analog or digital signals from vibration, temperature, current, or acoustic sensors are sampled 

using ADC or sensor interfaces. Accurate sampling is important to capture machine behavior. 

 

 Signal processing: 

Raw sensor signals are filtered and transformed using techniques such as FFT, RMS 

calculation, envelope detection, or statistical analysis to remove noise and reveal fault features. 

 

 Feature extraction: 

Relevant condition indicators such as frequency peaks, kurtosis, spectral energy, or 

temperature trends are computed to represent machine state in compact form. 

 

 AI inference: 

Embedded AI models (ML or TinyML) classify machine condition, detect anomalies, or 

estimate remaining useful life based on extracted features. 

 

 Alert generation: 

When abnormal patterns are detected, the system generates alarms, health scores, or 

maintenance recommendations and transmits them to supervisory systems or operators. 
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Modern embedded monitoring nodes integrate multiple components into single compact devices 

mounted directly on machines or inside control panels. These nodes often include wireless 

communication modules such as Wi-Fi, Bluetooth Low Energy, LoRa, or industrial protocols. 

Wireless connectivity simplifies installation in rotating or moving machinery where wiring is 

difficult. 

 

Recent advances in semiconductor technology have enabled integration of AI acceleration within 

microcontrollers, allowing neural network inference on ultra-low-power devices. This makes it 

possible to deploy intelligent monitoring even on battery-powered sensors attached to rotating 

equipment. 

 

Another key characteristic of embedded monitoring systems is real-time deterministic operation. 

Industrial machines require precise timing for data acquisition and analysis. Embedded firmware 

ensures consistent sampling intervals and reliable processing without operating system delays. 

 

Embedded monitoring systems are typically designed for long-term deployment with minimal 

maintenance. They operate continuously for years, collecting condition data and performing 

diagnostics. Rugged enclosures, low-power design, and autonomous firmware make them suitable 

for harsh industrial environments. 

 

Overall, embedded systems provide the physical platform that enables Edge-AI monitoring. By 

combining sensing, computation, and communication within distributed nodes, they transform 

conventional machines into intelligent, self-diagnosing assets capable of supporting predictive 

maintenance and smart manufacturing operations. 

 

ARCHITECTURE OF EDGE-AI EMBEDDED MACHINE MONITORING 

A typical architecture contains three layers: 

1. Sensor Layer 

2. Edge Processing Layer 

3. Cloud/Enterprise Layer 
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Figure 1. Edge-AI machine monitoring architecture 

1. Sensor Layer 

Sensors collect physical parameters related to machine condition: 

 Vibration sensors 

 Temperature sensors 

 Current sensors 

 Acoustic sensors 

 Pressure sensors 

 

These signals indicate mechanical wear, imbalance, friction, or electrical faults. Industrial systems 

often use multi-sensor fusion for accurate monitoring. 

 

2. Edge Processing Layer 

The edge node contains: 

 Microcontroller or SoC 

 Memory and storage 

 AI accelerator (optional) 



International Journal of Mechatronics and Manufacturing Technology 

Volume 1, Issue 1, January-June 2016  

 

      
  
 
 
 

44 Page 37-54 © MANTECH PUBLICATIONS 2016. All Rights Reserved 

 

 Embedded OS or firmware 

 Communication interface 

 

The node performs local preprocessing and inference. For example, STM32-based sensors with 

embedded AI can detect anomalies directly on device. 

 

3. Cloud or Supervisory Layer 

Cloud layer provides: 

 Historical data storage 

 Model training 

 Visualization dashboards 

 Fleet analytics 

However, edge systems can operate independently even without cloud connectivity. 

 

HARDWARE PLATFORMS FOR EDGE-AI MONITORING 

Edge-AI monitoring devices use resource-constrained hardware platforms that are optimized for 

low power consumption, compact size, and real-time processing capability. Unlike cloud servers 

or desktop computers, edge monitoring hardware must operate continuously near industrial 

machines under harsh environmental conditions such as vibration, temperature variation, dust, and 

electromagnetic interference. Therefore, hardware selection for Edge-AI monitoring involves 

trade-offs between computational performance, energy efficiency, memory availability, and 

reliability. 

 

Hardware platforms for Edge-AI monitoring generally fall into three categories: microcontrollers 

with AI capability, embedded edge computers, and smart sensors with integrated intelligence. Each 

category supports different complexity levels of machine monitoring applications. 

 

1. Microcontrollers with AI Support 

Modern microcontrollers have evolved from simple control devices into intelligent processing 

units capable of running lightweight machine learning algorithms. Many industrial monitoring 
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tasks such as vibration classification, acoustic anomaly detection, or temperature trend prediction 

can be executed directly on microcontrollers using optimized neural network libraries. 

 

These AI-enabled microcontrollers integrate Digital Signal Processing (DSP) instructions and 

sometimes Neural Processing Units (NPUs) or hardware accelerators. DSP instructions allow 

efficient computation of signal processing operations like FFT, filtering, and feature extraction, 

while NPUs accelerate neural network inference. This combination enables real-time condition 

monitoring on ultra-low-power embedded nodes. 

 

Microcontrollers are particularly suitable for distributed sensor nodes attached directly on 

machines. Because of their low energy consumption, they can operate on batteries or energy 

harvesting systems for long periods. This is important for rotating or mobile equipment where 

wired power is difficult. 

 

Another advantage of AI-enabled microcontrollers is deterministic real-time operation. Unlike 

general-purpose operating systems, microcontroller firmware executes with predictable timing, 

ensuring accurate sampling and reliable monitoring. This is essential for detecting high-frequency 

vibration signatures or transient faults. 

 

Typical examples of AI-capable microcontroller platforms used in machine monitoring include: 

 ARM Cortex-M series: 

Widely used industrial microcontrollers with DSP extensions and optimized ML libraries. 

Suitable for vibration and acoustic analytics. 

 

 STM32 AI microcontrollers: 

These devices support embedded neural network deployment using vendor AI toolchains, 

enabling on-device inference for predictive maintenance. 

 

 ESP32 AI modules: 

Low-cost wireless microcontrollers capable of running TinyML models with integrated Wi-Fi  
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and Bluetooth connectivity for IoT monitoring nodes. 

 

Such microcontroller-based Edge-AI nodes can continuously analyze sensor data locally and 

transmit only health indicators or alarms, reducing communication load significantly. 

 

2. Embedded Edge Computers 

For complex machines or multi-sensor monitoring scenarios, higher computational capability is 

required than microcontrollers can provide. Embedded edge computers fill this role by offering 

greater processing power, memory capacity, and operating system support while still maintaining 

ruggedness and industrial reliability. 

 

Embedded edge computers are typically based on application processors such as ARM Cortex-or 

x86 architectures. These platforms can run embedded Linux or real-time operating systems, 

enabling execution of advanced analytics and deep learning models. They are commonly used in 

industrial gateways or machine controllers where multiple sensor streams must be processed 

simultaneously. 

 

Such edge computers support tasks like: 

 Multi-sensor fusion (vibration, acoustic, thermal, current) 

 Deep learning inference (CNN, LSTM) 

 High-frequency signal analysis 

 Local data storage and visualization 

 Edge-to-cloud communication 

 

Typical hardware platforms in this category include: 

 ARM Cortex-A processors: 

Provide higher computational capability than microcontrollers and support full operating 

systems for advanced analytics. 

 

 Industrial PC gateways: 

Rugged embedded computers designed for factory environments, often used as edge analytics  
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hubs for multiple machines. 

 

 GPU-enabled modules: 

Embedded systems with integrated GPU or AI accelerator enabling real-time deep learning 

inference on high-dimensional sensor data. 

 

These platforms are particularly suitable for monitoring large industrial equipment such as CNC 

machines, turbines, compressors, or robotic cells where data volume and model complexity are 

high. 

 

Another important feature of embedded edge computers is connectivity. They typically support 

industrial communication protocols such as Ethernet/IP, Modbus, OPC-UA, or fieldbus networks, 

allowing seamless integration with SCADA and manufacturing systems. 

 

3. Smart Sensors with Embedded Intelligence 

Smart sensors represent the most integrated form of Edge-AI hardware, where sensing, processing, 

and analytics are combined into a single compact device. Unlike conventional sensors that output 

raw signals, smart sensors perform local analysis and directly output machine condition indicators 

such as vibration severity, anomaly score, or health index. 

 

These sensors incorporate microcontrollers or specialized AI chips along with sensing elements 

and signal conditioning circuits. Because processing occurs within sensor housing itself, they 

reduce system complexity and installation effort. Smart sensors can be mounted directly on 

bearings, motors, pumps, or gearboxes without external processing units. 

 

Smart sensors continuously monitor physical parameters such as vibration, temperature, or 

acoustic emission and apply embedded AI algorithms to detect abnormal patterns. For example, a 

vibration smart sensor attached to a motor can detect bearing wear or imbalance and transmit only 

fault alerts instead of raw vibration waveform. 
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Advantages of smart sensors for Edge-AI monitoring include: 

 Minimal wiring and installation 

 Distributed monitoring architecture 

 Real-time anomaly detection at source 

 Low communication bandwidth 

 Plug-and-play deployment 

 Scalability across many machines 

 

These sensors are especially useful in large industrial plants with hundreds of rotating assets where 

centralized monitoring becomes difficult. Each machine becomes a self-diagnosing unit with 

embedded intelligence. 

 

Modern smart sensors also include wireless communication such as Bluetooth Low Energy or 

LoRa, enabling condition monitoring of remote or rotating equipment without cables. Battery-

powered operation with multi-year lifetime is also possible due to low-power AI hardware. 

 

By delivering processed health metrics instead of raw data, smart sensors enable predictive 

maintenance systems to focus on actionable information rather than data overload. 

 

EDGE-AI ALGORITHMS FOR MACHINE MONITORING 

AI algorithms enable condition monitoring and predictive maintenance. 

1. Signal Processing and Feature Extraction 

Raw sensor data is preprocessed using: 

 FFT (frequency analysis) 

 Wavelet transform 

 Envelope detection 

 Statistical features 

These features represent machine behavior and fault patterns. 

 

2. Machine Learning Models 

Common ML models for edge monitoring: 
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 Decision trees 

 Support vector machines 

 k-NN 

 Random forest 

These models require low computation and memory. 

 

3. Deep Learning and TinyML 

TinyML allows deep learning models to run on microcontrollers. CNN or LSTM models detect 

vibration anomalies or acoustic signatures. 

 

A real-time embedded solenoid valve monitoring system using TinyML demonstrated accurate 

fault classification and remaining useful life estimation. 

 

4. Anomaly Detection Methods 

Anomaly detection is widely used because fault data is scarce. Edge-AI models learn normal 

behavior and detect deviations. 

 

Approximate computing techniques can reduce power consumption by adjusting model 

complexity depending on machine health state. 

 

APPLICATIONS OF EDGE-AI MACHINE MONITORING 

1. Predictive Maintenance 

Edge-AI systems predict machine failure before occurrence by analyzing sensor trends. This 

allows scheduled maintenance and reduced downtime. 

 

Industrial deployments show early fault detection and increased equipment lifespan using 

embedded AI sensors. 

 

2. Rotating Machinery Monitoring 

Motors, pumps, turbines, and bearings generate vibration signatures. Edge-AI nodes detect: 



International Journal of Mechatronics and Manufacturing Technology 

Volume 1, Issue 1, January-June 2016  

 

      
  
 
 
 

50 Page 37-54 © MANTECH PUBLICATIONS 2016. All Rights Reserved 

 

 Imbalance 

 Misalignment 

 Bearing defects 

 Lubrication issues 

Local processing enables rapid fault alerts. 

 

3. Manufacturing Equipment Monitoring 

Machines such as CNC, conveyors, compressors, and presses require continuous monitoring. 

Embedded AI sensors track condition parameters and alert maintenance teams. 

 

Edge-AI predictive maintenance systems can identify anomalies weeks before failure with high 

accuracy. 

 

4. Remote Industrial Assets 

Edge-AI is useful for geographically distributed machines like: 

 Mining equipment 

 Wind turbines 

 Oil pumps 

 Railway systems 

Hierarchical edge inference networks enable monitoring even in remote environments with limited 

connectivity. 

 

ADVANTAGES OF EDGE-AI EMBEDDED MONITORING 

Table 1 summarizes advantages compared with cloud-only monitoring. 

 

Table 1. Edge-AI vs Cloud Machine Monitoring 

Parameter Cloud Monitoring Edge-AI Monitoring 

Latency High Very low 

Bandwidth High data transfer Minimal 
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Parameter Cloud Monitoring Edge-AI Monitoring 

Privacy Cloud exposure Local 

Reliability Internet dependent Offline capable 

Response time Delayed Real-time 

Energy Higher Optimized 

Scalability Server limited Distributed 

 

Edge-AI reduces data transmission and allows immediate response to abnormal conditions, 

improving reliability and safety. 

 

CHALLENGES IN EDGE-AI MACHINE MONITORING 

Despite advantages, several challenges exist. 

 

1. Resource Constraints 

Embedded devices have limited: 

 Memory 

 Processing power 

 Energy 

Model compression and quantization are necessary. 

 

2. Model Deployment and Updating 

Training usually occurs in cloud, while inference is on edge. Updating models across many devices 

is complex. 

 

3. Data Quality and Labeling 

Fault data is rare in industrial machines. Models trained on limited data may not generalize well. 

 

4. Security and Reliability 

Edge devices are physically accessible and vulnerable to tampering. Secure firmware and  
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encryption is required. 

 

5. Integration with Industrial Systems 

Edge monitoring must integrate with: 

 SCADA 

 PLC 

 MES 

 ERP 

Industrial IoT platforms provide such integration but standardization is still evolving. 

 

INDUSTRIAL PLATFORMS SUPPORTING EDGE-AI MONITORING 

Several industrial IoT platforms support machine monitoring. 

 

Industrial edge platforms combine data ingestion, local analytics, and cloud services for condition 

monitoring applications. 

 

Modern predictive maintenance platforms integrate sensors, gateways, and dashboards to monitor 

equipment health in real time. 

 

FUTURE TRENDS 

Edge-AI machine monitoring is rapidly evolving. 

 

1. Federated Learning at Edge 

Multiple machines can collaboratively train models without sharing raw data. 

 

2. Self-learning Smart Sensors 

Future sensors will adapt automatically to machine behavior. 

 

3. Neuromorphic Edge Hardware 

Low-power AI chips inspired by brain computing will enable always-on monitoring. 
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4. Edge-Cloud Collaborative Intelligence 

Hybrid architectures will balance accuracy and latency dynamically. 

 

5. Autonomous Maintenance Systems 

Edge-AI monitoring combined with robotics may enable self-repairing machines. 

 

CASE STUDY EXAMPLE 

An industrial drilling and milling machine monitoring system used embedded STM32 sensors with 

on-device AI algorithms. The system detected vibration anomalies and provided early maintenance 

alerts, reducing downtime and improving equipment life. 

 

Another embedded TinyML sensor for solenoid valve monitoring successfully classified faults and 

predicted remaining useful life in real time. 

 

These examples demonstrate feasibility of embedded AI monitoring in industrial environments. 

 

DISCUSSION 

Edge-AI embedded monitoring represents a shift from centralized analytics to distributed 

intelligence. Instead of sending all sensor data to remote servers, intelligence is placed directly on 

machines. This approach aligns with Industry 4.0 requirements of autonomy, reliability, and real-

time response. 

 

Key benefits observed across studies: 

 Faster anomaly detection 

 Reduced network load 

 Improved machine availability 

 Lower maintenance cost 

 Scalable monitoring architecture 

However, research is still required in lightweight AI models, adaptive learning, and edge security. 

Standardization across industrial platforms is also necessary for large-scale deployment. 
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CONCLUSION 

Edge-AI embedded systems provide an effective solution for real-time machine monitoring in 

modern industrial environments. By integrating sensors, embedded processors, and AI algorithms 

near machines, these systems enable local anomaly detection, predictive maintenance, and rapid 

decision making. Compared with cloud-only approaches, Edge-AI monitoring offers lower 

latency, reduced bandwidth usage, and improved privacy. Recent advances in TinyML, smart 

sensors, and industrial IoT platforms have accelerated adoption of embedded AI monitoring across 

manufacturing, energy, and transportation sectors. Despite challenges related to resource 

constraints and model deployment, Edge-AI embedded monitoring is expected to become a core 

technology in Industry 4.0 and autonomous factories. Future research should focus on adaptive 

learning, federated intelligence, and ultra-low-power AI hardware to enable scalable and reliable 

machine health monitoring systems. 
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