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Abstract 

As the Internet of Things (IoT) expands across various sectors, from healthcare to industrial automation, 
the need for real-time anomaly detection has become paramount for ensuring data security and network 
integrity. Edge AI, combined with advanced data science techniques, provides a robust solution for real-
time analysis by processing data close to the source, reducing latency and enhancing security. This paper 
explores the application of anomaly detection algorithms in IoT networks using Edge AI, discussing 
frameworks that allow decentralized anomaly identification and data processing at the edge. Case studies 
highlight the effectiveness of these techniques in detecting and mitigating potential threats in IoT systems. 
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Introduction 

The Internet of Things (IoT) has seen widespread adoption, with applications ranging from smart homes 
and healthcare to industrial automation and energy management. IoT systems rely on a network of 
connected devices that communicate and transmit data, often in real time, to provide seamless functionality 
and user insights. However, the decentralized and expansive nature of IoT networks introduces significant 
security challenges. Unauthorized access, malware attacks, and data breaches have become prevalent 
risks as the number of connected devices grows. Traditional methods of anomaly detection are typically 
centralized, relying on cloud infrastructure to process large volumes of data, which can introduce latency 
and potential privacy concerns [1]-[3]. 

Edge AI, the deployment of artificial intelligence algorithms at the edge of the network, offers a promising 
solution to the latency and security issues in IoT anomaly detection. By processing data close to the 
source, Edge AI reduces latency and enables immediate responses to potential threats. Integrating 
advanced data science techniques, such as machine learning-based anomaly detection, further enhances 
the system's ability to detect irregular patterns in real-time. The importance of anomaly detection in IoT lies 
in its ability to identify unusual behavior or patterns that may signify a security breach, unauthorized access, 
or system malfunction [4]. 

This paper aims to: 

1. Explore the role of Edge AI in real-time anomaly detection within IoT networks. 
2. Examine advanced data science techniques that enhance anomaly detection performance in 

decentralized IoT environments. 
3. Discuss case studies and applications in critical sectors, such as healthcare and industrial 

automation, where real-time anomaly detection is crucial. 



By analyzing recent advancements in Edge AI and data science, this study provides insights into practical 
implementations and the future of anomaly detection in IoT systems. 

Literature Review 

This literature review covers recent developments in real-time anomaly detection within IoT networks, 
emphasizing Edge AI implementations, anomaly detection algorithms, data processing efficiency, and 
security considerations. 

Edge AI brings computational power to the edge of the IoT network, enabling real-time data analysis and 
anomaly detection without relying on a central cloud server. This approach reduces latency, preserves 
bandwidth, and enhances data privacy by limiting data transfer. Studies have highlighted that Edge AI is 
instrumental in sensitive applications, such as healthcare and industrial IoT, where quick response times 
are essential to prevent data breaches or system failures [5]-[6]. Edge devices, equipped with lightweight AI 
models, allow real-time anomaly detection by processing data locally, enabling immediate identification of 
potential threats without data transmission delays [7]. 

Anomaly detection in IoT involves identifying deviations from normal behavior patterns. Data science 
techniques, including supervised and unsupervised machine learning, are widely applied in anomaly 
detection models for IoT. Supervised techniques, such as decision trees and support vector machines 
(SVM), require labeled data, which can be challenging to obtain in decentralized IoT environments [8]. 
Unsupervised methods, including clustering algorithms and autoencoders, have gained popularity in IoT 
anomaly detection, as they do not require labeled datasets and can adapt to real-time data streams [9]-[10]. 
Recent studies emphasize the efficacy of deep learning approaches, such as convolutional neural networks 
(CNN) and recurrent neural networks (RNN), in enhancing anomaly detection accuracy in IoT systems [11]. 

Efficient data processing is crucial for real-time anomaly detection, as IoT devices continuously generate 
massive data volumes. Edge AI enables data processing close to the data source, reducing the bandwidth 
needed for data transmission to central servers. Techniques like federated learning allow collaborative 
model training across edge devices without data centralization, thus preserving bandwidth and data privacy 
[12]. Additionally, model compression techniques, such as quantization and pruning, are used to reduce 
model size, allowing deployment on resource-constrained edge devices [13]. 

Implementing real-time anomaly detection through Edge AI in IoT networks offers enhanced security but 
also presents new challenges. The distributed nature of edge processing can make IoT networks 
vulnerable to attacks on individual edge devices. As IoT systems expand, ensuring the security of each 
device and its data becomes increasingly complex. Studies indicate that combining Edge AI with secure 
communication protocols and cryptographic measures can mitigate these vulnerabilities, offering a layered 
security approach for IoT environments [14]-[15]. 

Methodology 

This study employs a comprehensive approach to evaluate the effectiveness of Edge AI in real-time 
anomaly detection for IoT networks. The methodology is organized into three components: (1) Data 
Collection, (2) Edge AI-Based Anomaly Detection Model Development, and (3) Evaluation Metrics. 



1. Data Collection 

Data was collected from simulated IoT environments representing various applications such as smart 
homes, healthcare, and industrial systems. The dataset includes:

 Sensor Data: Temperature, humidity, motion, and pressure data, simulating environmental conditions.
 Device Logs: Connection status, error reports, and activity logs.
 Network Traffic: Data flow information, including packet size, IP addresses, and connection timestamps.

These data sources help simulate real
assessment of anomaly detection performance under diverse scenarios.

2. Edge AI-Based Anomaly Detection Model Development

The anomaly detection model is divided 

a. Edge Processing Module 

This module focuses on deploying lightweight AI models, specifically designed to operate on resource
constrained IoT devices. Model compression techniques, such as quantization, are applied to ensure model
compatibility with edge devices. The edge processing module performs initial data pre
filtering, reducing noise and identifying significant features for anomaly detection.

Figure 1: Edge AI-Based Anomaly Detection Workflow in IoT Networks

Figure 1 illustrates the workflow for Edge AI
anomaly detection, and federated model aggregation modules.
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b. Anomaly Detection Module 

The core anomaly detection model includes unsupervised learning algorithms, primarily Autoencoders and 
K-means clustering, optimized for real-time analysis. Autoencoders are used to reconstruct normal 
behavior patterns, flagging any significant deviations as potential anomalies. K-means clustering groups 
similar data points, allowing the detection of outliers or irregular patterns. 

c. Federated Model Aggregation Module 

To improve accuracy and adaptability, federated learning aggregates model updates from multiple edge 
devices without centralizing the data. This module ensures that each device benefits from collective 
knowledge while preserving data privacy, enhancing model performance in detecting anomalies across 
different IoT applications. 

3. Evaluation Metrics 

Evaluation metrics are essential for assessing the effectiveness of the Edge AI model in real-time IoT 
anomaly detection: 

 Detection Rate: Measures the accuracy of the model in identifying anomalies. 
 False Positive Rate: Assesses the rate of incorrect anomaly detections, indicating model reliability. 
 Latency: Evaluates the time taken by the edge devices to detect anomalies, which is crucial for real-time 

applications. 
 Resource Utilization: Monitors CPU and memory usage on edge devices, ensuring the model’s efficiency 

on resource-constrained IoT devices. 

Results 

The results showcase the performance of the Edge AI anomaly detection model in terms of detection rate, 
latency, and resource utilization. 

1. Detection Rate and False Positives 

The Edge AI model achieved a high detection rate of 92% across all IoT applications, with a false positive 
rate of 3%. Autoencoder-based anomaly detection demonstrated strong accuracy in recognizing unusual 
patterns, while federated model aggregation improved accuracy by adapting to data variations across 
devices. 

2. Latency 

Latency analysis indicated an average response time of 120 ms, which is adequate for real-time anomaly 
detection in IoT environments. The edge processing module’s local data analysis reduced the need for data 
transfer, minimizing delays and enabling quick threat identification. 

3. Resource Utilization 



The model maintained efficient resource utilization, with average CPU usage of 
150 MB. The application of model compression techniques ensured compatibility with resource
edge devices, maintaining performance without excessive resource demands.

Table 1: Performance Metrics of Edge AI Anomaly Detection Model

Metric Value 

Detection Rate 92% 

False Positive Rate 3% 

Average Latency 120 ms 

CPU Utilization 30% 

Memory Utilization 150 MB 

Figure 2: Detection Rate and False Positive Rate Across IoT Applications

Figure 2 presents a comparison of detection rates and false positive rates across different IoT applications, 
highlighting the model’s consistency in anomaly detection.

Figure 3: Latency Distribution in Edge AI Anomaly Detection
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Figure 3 illustrates latency distribution across various IoT applications, showing the model's ability to 
maintain low latency for real-time detection. 

Discussion 

The results confirm that Edge AI, integrated with advanced anomaly detection algorithms, is an effective 
solution for real-time anomaly detection in IoT networks. The high detection rate and low false positive rate 
indicate the model's robustness in identifying irregular patterns across diverse IoT applications. By 
processing data locally, Edge AI minimizes latency, providing rapid responses to potential security threats. 

However, challenges remain in deploying Edge AI for large-scale IoT networks. Ensuring resource 
efficiency on constrained devices requires further refinement of model compression techniques. 
Additionally, while federated model aggregation supports decentralized learning, communication overhead 
may increase as IoT networks scale. Future work could focus on optimizing federated learning protocols to 
reduce data exchange while preserving accuracy. 

Conclusion 

This study demonstrates the potential of Edge AI for real-time anomaly detection in IoT networks, providing 
a decentralized and efficient approach to security. By processing data locally and leveraging federated 
learning, Edge AI models offer a high detection rate with minimal latency, essential for real-time IoT 
applications. Further advancements in model optimization and federated learning are needed to address 
scalability challenges, paving the way for secure and reliable IoT systems. 
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