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ABSTRACT
Industrial 10T (1loT) systems are increasingly deployed in manufacturing,
energy, and critical infrastructure to enable real-time monitoring and control.
With the massive proliferation of 10T devices, detecting anomalies in system
behavior has become critical to ensure reliability, safety, and operational
efficiency. Traditional cloud-centric anomaly detection methods often suffer
from latency, bandwidth constraints, and security concerns. Autonomous edge-
based anomaly detection emerges as a promising solution by processing data
locally on edge devices with minimal reliance on central servers. This paper
presents a comprehensive review of edge-based anomaly detection in IloT,
covering enabling technologies, architectures, algorithms, applications, and
future research directions. Special attention is given to machine learning and
deep learning approaches deployed on resource-constrained edge nodes.
Challenges in scalability, real-time performance, and energy efficiency are also
discussed. The study highlights the potential of autonomous edge intelligence to
enhance 1loT resilience while reducing operational costs and network

dependency.
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INTRODUCTION

The Industrial Internet of Things (110T) integrates sensors, actuators, and control systems to
enable smart manufacturing, predictive maintenance, and process optimization. The sheer
volume of data generated by 10T devices presents a unique challenge for detecting anomalies
that may indicate equipment failures, cyber-attacks, or operational inefficiencies. Traditional
cloud-centric monitoring solutions are not ideal due to latency, high bandwidth usage, and

privacy concerns.

Edge computing offers a paradigm shift by bringing computation closer to data sources.
Autonomous anomaly detection at the edge allows 10T systems to identify abnormal patterns
in real-time without relying heavily on cloud infrastructure. This approach improves response
time, reduces network congestion, and enhances data privacy, making it suitable for critical

industrial environments.

This paper reviews current techniques, architectures, and applications of autonomous edge-
based anomaly detection in IloT. It provides insights into algorithmic approaches, edge
hardware considerations, and deployment strategies while identifying open research

challenges.

1. Background

a) Industrial 10T Overview

Industrial 10T (110T) represents the convergence of industrial systems with digital technologies,
creating a networked environment where machines, sensors, and humans interact seamlessly.
Unlike conventional 10T in consumer applications, 1loT emphasizes high reliability, low

latency, and secure communication due to its deployment in critical industrial processes.

Typical 110T environments include:

e Manufacturing Plants: 10T devices are deployed across production lines to monitor
machinery health, control robotic arms, and perform quality assurance in real-time. Sensors
collect data such as vibration, temperature, and motor current to identify deviations that
may signal wear or imminent failures. Predictive maintenance is a significant application,
reducing downtime and maintenance costs.

e Energy Grids: Smart grids utilize I10T devices to monitor transformers, substations, and
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distribution networks. Real-time data collection enables energy load balancing, fault
detection, and rapid response to outages. IloT-based energy monitoring also helps in
predictive maintenance of critical equipment such as turbines and circuit breakers.

e Transport and Logistics: 10T systems track vehicle fleets, monitor engine performance,
and optimize logistics routes. Sensors report fuel usage, tire pressure, and engine vibration,
which allows for predictive interventions to prevent vehicle breakdowns.

e |loT devices generate heterogeneous data streams, including:

e Sensor data: Temperature, vibration, pressure, humidity, and current readings.
e Operational data: Device status, production counts, and machine utilization.

e Network data: Communication logs, packet loss, and latency metrics.

These streams are often high-volume, high-velocity, and noisy, requiring advanced methods
for anomaly detection. Anomalies can indicate early signs of equipment malfunction, system
inefficiencies, or cyber-attacks. Timely detection allows industries to respond proactively,

minimizing operational losses.

b) Edge Computing in IloT

Edge computing refers to processing data closer to its source, rather than sending all
information to a centralized cloud. In 10T, edge nodes (industrial gateways, microcontrollers,
or edge servers) handle computations locally, enabling real-time decision-making and reducing

dependency on cloud servers.

Key benefits include:

e Low Latency: Edge devices process data immediately upon collection, enabling rapid
responses. For example, if a vibration sensor detects abnormal motor oscillations, the edge
node can trigger an immediate shutdown or alert without waiting for cloud validation.

e Bandwidth Optimization: Instead of transmitting raw sensor streams to the cloud, edge
nodes can pre-process data, send only anomalies, summaries, or extracted features,
reducing network traffic and associated costs.

e Enhanced Security: Sensitive industrial data can be analyzed locally, mitigating exposure
to external networks. This is especially important for critical infrastructure such as power

grids or chemical plants, where data breaches could lead to operational hazards.
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Edge computing architectures can range from single-device intelligence (e.g., microcontrollers
analyzing one sensor) to distributed edge clusters, where multiple nodes communicate for
collaborative anomaly detection and decision-making. Hybrid approaches, combining edge
with fog and cloud layers, allow complex analytics while maintaining near-real-time

responsiveness.

c) Anomaly Detection
Anomaly detection is the process of identifying data points or patterns that deviate significantly
from expected behavior. In I10T, timely anomaly detection is critical to prevent equipment

failure, optimize operational efficiency, and safeguard against security threats.

Types of anomalies commonly observed in 10T include:

e Point Anomalies: Single, isolated deviations from normal values. For instance, a sudden
spike in motor temperature beyond safe operating limits.

e Contextual Anomalies: Deviations that are abnormal given the specific operational
context. For example, a temperature reading of 50°C may be normal during high-load
operation but abnormal at idle conditions.

e Collective Anomalies: A sequence of related data points that together indicate an abnormal
state. For example, gradual but continuous increase in vibration readings over several

hours, signaling mechanical wear.

Machine learning (ML) and deep learning (DL) techniques are increasingly applied for

anomaly detection in lioT.

e Supervised Methods: Require labeled datasets to classify normal and abnormal behavior.
These methods can achieve high accuracy but require extensive historical data.

e Unsupervised Methods: Identify anomalies without labeled data. Techniques include
clustering, principal component analysis (PCA), and autoencoders.

e Semi-Supervised Methods: Use primarily normal data for training and flag deviations as
anomalies, suitable for environments where anomalous events are rare.

e Challenges in edge-based anomaly detection include:
e Data sparsity and noise: Sensor errors or missing values can reduce detection

accuracy.

e Computational constraints: Edge devices often have limited memory and processing

16 I Page 13-27 © MANTECH PUBLICATIONS 2026. All Rights Reserved



Journal of Intelligent Edge Devices and loT Systems
MANIECH gent =49 y
Publications Volume 2, Issue 1, January-April 2026

power, restricting the complexity of ML/DL models.
e Real-time constraints: Industrial operations require detection within milliseconds to

seconds, leaving minimal room for extensive computations.

Despite these challenges, advances in lightweight ML models, federated learning, and edge Al
frameworks are enabling autonomous, real-time anomaly detection directly on 10T devices.

This capability is key to achieving resilient, self-aware industrial systems.

2. Enabling Technologies

Edge-based anomaly detection in Industrial 10T relies on a combination of hardware capable
of local processing and intelligent algorithms optimized for resource-constrained
environments. This section explores the key technologies enabling autonomous edge

intelligence.

a) Edge Devices and Hardware

Edge devices in IloT are designed to process data near the source, often under strict
constraints of memory, processing power, energy, and network connectivity. Choosing the
right hardware is crucial for real-time anomaly detection.

Common edge device types include:
1. Microcontrollers (MCUs):
e Low-cost, low-power devices used for simple sensor monitoring.
e Examples: STM32 series, ESP32, Arduino boards.
e Suitable for lightweight anomaly detection algorithms, such as threshold-based or

simple statistical models.

2. Single-Board Computers (SBCs):
e More capable than MCUs, supporting Linux-based operating systems and moderate Al
workloads.
e Examples: Raspberry Pi, BeagleBone, NVIDIA Jetson Nano.
e Can run small neural networks, clustering, or autoencoder-based models for anomaly

detection.
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3. Industrial Gateways and Edge Servers:
e Act as intermediaries between multiple sensors and the cloud.
e Equipped with higher memory and CPU/GPU resources for more complex processing.
e Can execute deep learning models or aggregate anomaly detection results from multiple

devices.

b) Machine Learning Algorithms
Edge anomaly detection relies on algorithms that balance accuracy and computational

efficiency:

Algorithm Advantages Edge Suitability
Isolation Forest Fast, interpretable High
One-Class SVM Good for high-dimensional data Medium

Autoencoders Can model complex patterns Medium
LSTM (RNN) Handles temporal data Medium-Low

Lightweight versions of these models, such as TinyML-based autoencoders, are suitable for

deployment on edge devices with limited resources.

c) Communication Protocols

In Industrial 10T environments, efficient and reliable communication between edge devices
and central systems is crucial for anomaly detection, real-time monitoring, and coordinated
decision-making. 10T networks often operate in harsh industrial environments, with limited
bandwidth, high latency, and intermittent connectivity, so protocols must be lightweight,

robust, and scalable.

Key communication protocols for edge 10T systems include:
1. MQTT (Message Queuing Telemetry Transport):
e Type: Publish-subscribe messaging protocol
e Advantages:
e Lightweight, requiring minimal bandwidth
e Supports QoS (Quality of Service) levels for reliable message delivery

e Ideal for edge-to-cloud and edge-to-edge communication
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e Use Case Example: Vibration sensors on manufacturing equipment send anomaly

alerts to a central dashboard in real-time.

2. CoAP (Constrained Application Protocol):
e Type: RESTful protocol designed for constrained devices
e Advantages:
e Low overhead, suitable for microcontrollers and sensor nodes
e Supports multicast and request/response communication
e Easily integrates with HTTP-based services
e Use Case Example: Environmental sensors in a warehouse report temperature and

humidity anomalies to an edge gateway using CoAP.

3. OPC UA (Open Platform Communications Unified Architecture):

e Type: Industrial communication standard for interoperability

e Advantages:
e Platform-independent and secure
e Supports complex data modeling for industrial processes
e Ensures end-to-end encryption and authentication

e Use Case Example: Edge-based anomaly detection for a production line uses OPC UA
to communicate sensor data and alerts to the SCADA system.

4. Other Protocols:
e HTTP/HTTPS: Used for cloud integration, though not ideal for real-time edge
communication due to higher overhead.
e AMOQP: More robust messaging protocol for larger industrial networks with guaranteed

delivery.

d) Security and Privacy

Security and privacy are critical in 10T, as industrial networks are increasingly exposed to
cyber threats. Autonomous edge-based anomaly detection enhances security by processing
sensitive data locally, minimizing cloud exposure. However, additional measures are

necessary to ensure data integrity, confidentiality, and system trustworthiness.
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Key techniques for securing edge-based anomaly detection include:
1. Homomorphic Encryption (HE):
e Allows computations on encrypted data without decrypting it.
e Enables collaborative anomaly detection where multiple edge nodes or cloud systems
can perform calculations without accessing raw data.
e Example: Temperature readings from multiple sensors are encrypted; edge nodes detect

abnormal patterns without revealing actual values.

2. Secure Boot:
e Ensures that edge devices only run authenticated and verified software.
e Prevents attackers from installing malicious firmware that could manipulate anomaly

detection models.

3. Trusted Execution Environment (TEE):
e Hardware-isolated secure areas in processors to execute sensitive computations.
e Protects ML models and anomaly detection algorithms from tampering.
e Example: Edge Al inference for vibration anomaly detection is performed inside a TEE

to prevent extraction or manipulation of the model.

4. Data Integrity and Authentication:
e Use of digital signatures, certificates, and blockchain-inspired logging ensures that
transmitted anomaly alerts are not tampered with.

e Enhances trustworthiness in multi-node edge networks.

5. Privacy-Preserving Edge Al:
e Techniques such as federated learning allow multiple edge nodes to collaboratively
train models without sharing raw data.

e Preserves industrial confidentiality while improving model accuracy.

EDGE-BASED ANOMALY DETECTION ARCHITECTURES

Autonomous anomaly detection in Industrial 10T relies heavily on the architecture used for
data collection, processing, and decision-making. The choice of architecture determines the
latency, scalability, security, and overall effectiveness of the detection system.
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Edge-based architectures can broadly be contrasted with traditional centralized cloud

approaches.

1. Centralized Cloud vs Edge-Based

Centralized Cloud Architecture

In a traditional cloud-centric lloT system:

e All sensor data is transmitted to a centralized cloud server.

e Data preprocessing, feature extraction, and anomaly detection are performed in the cloud.

e Alerts or corrective actions are sent back to the industrial equipment.

Advantages:
e High computational power allows complex Al and deep learning models.
e Easy to maintain, update, and scale models in a single location.

e Centralized data enables holistic insights across multiple sites.

Limitations:

e High Latency: Transmitting data to the cloud and receiving responses may take seconds
to minutes, unsuitable for critical real-time applications.

e Bandwidth Intensive: Continuous data streams from hundreds or thousands of sensors
consume significant network bandwidth.

e Data Privacy Concerns: Sensitive industrial data is exposed during transmission and

storage in the cloud.

Edge-Based Architecture

In edge-based anomaly detection:

e Data is processed locally on edge devices (microcontrollers, SBCs, or industrial gateways).
e Preprocessing, feature extraction, and anomaly detection occur near the data source.

e Only relevant information (e.g., anomaly alerts or aggregated summaries) is sent to the

cloud or central monitoring system.

Advantages:
e Low Latency: Edge devices can trigger immediate responses to anomalies.

¢ Bandwidth Optimization: Reduces network load by transmitting only essential data.
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e Enhanced Security: Sensitive data is retained locally, reducing exposure to cyber threats.
e Scalability: Additional edge nodes can be deployed without overloading centralized

Servers.

Limitations:
e Limited computational resources may restrict model complexity.

e Updating and maintaining Al models across distributed edge nodes can be challenging.

Table: 1
Feature Cloud-Centric Edge-Based
Latency High Low
Bandwidth Usage High Low
Data Privacy Low High
Real-Time Detection Limited Yes

2. Autonomous Edge Architecture

Autonomous edge-based anomaly detection in I1oT involves a hierarchical architecture
where data is collected, analyzed, and acted upon locally, minimizing reliance on centralized
cloud servers. This architecture ensures low-latency responses, optimized bandwidth usage,

and enhanced security in industrial environments.

A typical autonomous edge architecture comprises three main layers, sometimes
supplemented by a cloud synchronization layer for model updates and long-term analytics.

a) Data Acquisition Layer
e Purpose: Collect real-time sensor readings from industrial equipment.
e Components: Sensors and actuators deployed on machines, production lines, or
environmental systems. Common sensor types include:
¢ Vibration sensors: Monitor motor and bearing health.
e Temperature sensors: Detect overheating or abnormal thermal behavior.
e Pressure sensors: Monitor fluid or gas flow systems.

e Current and voltage sensors: Track electrical load variations.
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Characteristics:
e Generates heterogeneous data streams with varying rates and formats.

e Sensors may be wired or wireless, depending on deployment requirements.

e Data is often noisy, requiring preprocessing to improve quality before analysis.

Example: A motor in a manufacturing plant is equipped with vibration and temperature sensors

capturing data every millisecond. Sudden spikes or deviations from normal operation patterns

may indicate mechanical wear.

b)

Edge Processing Layer
Purpose: Perform local data preprocessing, feature extraction, and anomaly detection
using ML or lightweight Al models.
Subcomponents:
1. Preprocessing Module:
e Removes noise, fills missing values, and normalizes data.
« Converts raw sensor signals into feature vectors suitable for ML models.
2. Feature Extraction Module:
o Extracts key statistical, temporal, or spectral features.
o Examples: RMS (Root Mean Square) vibration values, FFT (Fast Fourier
Transform) frequency components, or moving averages.
3. Anomaly Detection Module:
e Runs lightweight ML or DL models such as:
o Autoencoders for pattern recognition
e LSTM networks for temporal anomalies
« Isolation Forest or One-Class SVM for outlier detection
e Models can be pre-trained in the cloud and deployed to the edge or updated via

federated learning.

Key Advantages:

e Reduces latency by avoiding cloud round-trips.

e Minimizes network load by transmitting only anomaly flags or compressed data
summaries.

e Enhances security by keeping raw sensor data local.
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Example: An edge device detects that motor vibration frequency patterns exceed the normal

threshold. The anomaly detection model flags this deviation and triggers the decision layer.

c) Decision Layer

e Purpose: Act upon the detected anomalies through alerts or automated corrective actions.

o Components:
1. Alerting System:

e Sends real-time notifications to plant operators via dashboards, SMS, or mobile

applications.

« Provides anomaly type, severity, and affected equipment.

2. Automated Actuation:

o Directly interacts with industrial control systems to mitigate risk.

e Examples:

e Shutting down a motor to prevent mechanical damage

e Adjusting HVAC systems to maintain temperature thresholds

« Modifying conveyor speeds to prevent overloads

e Optional Cloud Synchronization:

o Aggregates anomaly data across multiple edges for trend analysis and model retraining.

« Enables continuous learning while maintaining low-latency detection at the edge.

Example: The edge node detects abnormal vibrations in a pump and automatically reduces its

operational speed while notifying maintenance personnel.
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Figure 1: Autonomous Edge-Based Anomaly Detection Architecture
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APPLICATIONS IN INDUSTRIAL loT

1.

Predictive Maintenance

Edge-based anomaly detection can identify early signs of equipment wear or failure,
reducing downtime and maintenance costs. Vibration sensors in motors, for example, can
trigger alerts before catastrophic failures.

Quality Control

Real-time monitoring of production lines ensures defective products are detected and
removed promptly. Anomaly detection at the edge allows immediate corrective actions.
Cybersecurity

Autonomous edge detection can identify unusual network or device behavior, potentially

indicating cyber-attacks or insider threats.

4. Energy Management
Monitoring energy consumption patterns in industrial plants can reveal inefficiencies.
Edge-based anomaly detection can optimize energy usage without requiring constant cloud
analysis.

CHALLENGES

1. Resource Constraints — Limited processing power and memory on edge devices restrict
model complexity.

2. Data Diversity — IloT data is heterogeneous and noisy, making anomaly detection
challenging.

3. Scalability — Managing hundreds or thousands of edge nodes requires efficient model
deployment and updates.

4. Model Adaptation — Edge models need to adapt to changing industrial processes without
constant cloud intervention.

5. Security Concerns — Edge devices themselves can be targets of attacks, requiring robust

protection.

FUTURE DIRECTIONS

Federated Learning — Training models across multiple edge devices without sharing raw
data.
Quantum-Assisted Edge Computing — Leveraging quantum processors for faster

anomaly detection.
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o Explainable Al — Providing human-understandable explanations for detected anomalies.

e Energy-Aware Al Models — Optimizing models for ultra-low-power edge deployment.

e Hybrid Edge-Fog-Cloud Architectures — Combining edge intelligence with fog and

cloud layers for better performance.

CONCLUSION
Autonomous edge-based anomaly detection in Industrial 10T provides a promising approach

for real-time monitoring, predictive maintenance, and security enhancement. By processing

data locally, edge solutions reduce latency, bandwidth consumption, and privacy risks

compared to cloud-centric approaches. Although challenges remain in resource constraints,

model adaptation, and scalability, emerging technologies such as federated learning and

energy-efficient Al models offer viable solutions. This paper highlights the importance of

autonomous edge intelligence in improving IoT system resilience and operational efficiency,

paving the way for smarter and safer industrial environments.
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