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ABSTRACT 

The Internet of Things (IoT) has emerged as one of the most transformative 

technologies, connecting billions of devices across healthcare, manufacturing, 

transportation, and smart cities. However, the rapid expansion of IoT systems 

introduces significant security and reliability challenges, especially due to the 

high volume of heterogeneous data. Anomaly detection, a critical component in 

securing IoT ecosystems, aims to identify unusual patterns that may indicate 

faults, attacks, or system failures. Artificial Intelligence (AI) techniques, 

particularly Machine Learning (ML) and Deep Learning (DL), have 

demonstrated exceptional potential in automating and enhancing the accuracy 

of anomaly detection processes. This paper provides a comprehensive study of 

AI-driven anomaly detection in IoT systems, exploring existing models, 

methodologies, datasets, and tools. It also discusses challenges such as data 

imbalance, scalability, privacy concerns, and interpretability, while 

highlighting the future research scope towards explainable, federated, and 

lightweight AI models for IoT anomaly detection. 
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INTRODUCTION 

The Internet of Things (IoT) represents an interconnected network of physical devices 

embedded with sensors, actuators, and communication modules that collect and exchange data. 

As IoT continues to expand across industries, it generates massive volumes of data in real-time. 

The continuous operation of IoT systems is vulnerable to faults, intrusions, and cyber-attacks, 

which can cause data corruption, performance degradation, or complete system failure. 

Detecting such irregularities or anomalies in real-time is crucial to maintaining system 

security, performance, and reliability. 

 

Traditional rule-based detection methods fail to scale with the complex and dynamic nature of 

IoT environments. Consequently, Artificial Intelligence (AI) has emerged as a key enabler for 

efficient anomaly detection. By learning patterns from large datasets, AI algorithms can 

distinguish between normal and abnormal behaviors with high precision and adaptability. This 

paper discusses how AI enhances anomaly detection in IoT, reviews major models and 

approaches, identifies challenges, and suggests potential directions for future research. 

 

LITERATURE REVIEW 

Traditional Anomaly Detection Approaches 

Early IoT anomaly detection relied on statistical and threshold-based techniques. For instance, 

mean deviation or standard deviation methods were used to identify outliers in sensor readings. 

Although these methods were simple to implement, they often lacked adaptability to dynamic 

IoT environments and were prone to false positives when faced with noisy or incomplete data. 

 

Machine Learning-Based Methods 

Machine Learning (ML) has significantly improved anomaly detection performance in IoT. 

Supervised models such as Support Vector Machines (SVMs), Random Forests, and k-

Nearest Neighbors (k-NN) can classify network traffic or device behavior as normal or 

abnormal based on labeled data. However, obtaining labeled datasets is often challenging in 

large-scale IoT deployments. 

 

Unsupervised learning techniques, such as k-means clustering, Principal Component 

Analysis (PCA), and Autoencoders, are widely used when labeled data are unavailable. These 

models identify patterns or deviations from learned normal behavior. For example, 
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autoencoders in neural networks can reconstruct input data and detect anomalies by measuring 

reconstruction errors. 

 

Deep Learning and Neural Network Approaches 

Deep Learning (DL) has revolutionized IoT anomaly detection by handling unstructured data 

such as images, video, or sensor streams. Convolutional Neural Networks (CNNs) are 

employed for spatial anomaly detection in industrial IoT applications, while Recurrent Neural 

Networks (RNNs) and Long Short-Term Memory (LSTM) models are effective in temporal 

sequence analysis, detecting anomalies over time in sensor data. Hybrid models combining 

CNN and LSTM architectures can analyze both spatial and temporal correlations, leading to 

improved accuracy in anomaly detection. 

 

Hybrid and Ensemble Approaches 

Recent studies suggest that hybrid models combining multiple AI techniques outperform 

single-model approaches. For example, an ensemble of Decision Trees and Neural Networks 

enhances robustness and reduces false alarm rates. Hybrid approaches also integrate statistical 

preprocessing with deep learning to improve data quality before anomaly detection. 

 

Table 1: Comparison of AI Techniques for IoT Anomaly Detection 

AI Technique Learning Type Advantages Limitations 

Common 

IoT 

Application 

Support Vector 

Machine 

(SVM) 

Supervised 

High classification 

accuracy for small 

datasets 

Poor 

scalability for 

large datasets 

Network 

intrusion 

detection 

k-Means 

Clustering 
Unsupervised 

Simple and efficient 

clustering 

Sensitive to 

noise and 

outliers 

Sensor fault 

detection 

Autoencoder 

Neural 

Network 

Unsupervised 

Effective for feature 

extraction and 

reconstruction-based 

anomaly detection 

Requires high 

computational 

resources 

Industrial IoT 

fault 

diagnosis 
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AI Technique Learning Type Advantages Limitations 

Common 

IoT 

Application 

Long Short-

Term Memory 

(LSTM) 

Deep Learning 

(Supervised/Unsuperv

ised) 

Learns temporal 

dependencies 

effectively 

Training is 

time-

consuming 

Time-series 

anomaly 

detection in 

smart grids 

Random 

Forest 
Supervised 

High robustness and 

accuracy 

May overfit 

small data 

Smart 

healthcare 

data 

monitoring 

 

 
Figure 1: Classification of AI Approaches for IoT Anomaly Detection 

 

AI-BASED FRAMEWORKS FOR IOT ANOMALY DETECTION 

 

 
Figure 2: AI-Enabled IoT Anomaly Detection Framework 
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AI-BASED FRAMEWORKS FOR IOT ANOMALY DETECTION 

The integration of Artificial Intelligence (AI) into the Internet of Things (IoT) ecosystem has 

transformed how anomalies are identified, analyzed, and mitigated. AI-based frameworks for 

IoT anomaly detection are typically designed as multi-layered architectures that integrate data 

acquisition, preprocessing, model training, inference, and feedback mechanisms. These 

frameworks are implemented across distributed computing layers—edge, fog, and cloud—to 

enhance scalability, latency management, and security. The following subsections elaborate on 

the essential components and methodologies used in AI-driven IoT anomaly detection. 

 

Data Collection and Preprocessing 

IoT systems are characterized by heterogeneous data streams generated from a variety of 

sources such as sensors, cameras, actuators, and smart devices. The data collected can include 

numerical readings, multimedia content, time-series logs, and network traffic information. 

However, this data is often noisy, redundant, and incomplete, which can adversely affect the 

performance of AI models if not properly handled. 

 

To ensure quality, data preprocessing is a crucial step that includes: 

• Noise Reduction: Eliminating random fluctuations or sensor errors using filtering 

techniques such as moving averages or Kalman filters. 

• Normalization and Scaling: Bringing different features into a comparable range to 

improve model convergence and stability during training. 

• Missing Value Handling: Using statistical methods (e.g., mean imputation, 

interpolation) or machine learning-based estimators to fill gaps in the data. 

• Feature Extraction and Dimensionality Reduction: Employing techniques such as 

Principal Component Analysis (PCA) or autoencoders to reduce redundancy and 

computational overhead while retaining essential information. 

 

Furthermore, data aggregation can occur at various layers depending on system architecture: 

• At the edge layer, lightweight preprocessing minimizes transmission loads. 

• The fog layer performs intermediate aggregation and local analytics. 

• The cloud layer handles large-scale data integration and advanced model training. 
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Effective preprocessing not only enhances data reliability but also ensures the scalability and 

efficiency of AI-based IoT anomaly detection systems. 

 

Model Training and Learning Techniques 

AI models for IoT anomaly detection are trained using diverse learning paradigms depending 

on the availability and nature of the data. The three most common learning categories are 

supervised, unsupervised, and semi-supervised learning. 

• Supervised Learning: 

In supervised learning, models are trained using labeled datasets where both normal and 

anomalous instances are predefined. Techniques such as Support Vector Machines (SVMs), 

Random Forests, and Neural Networks are effective in recognizing known attack patterns. 

Supervised methods achieve high accuracy in controlled environments but struggle when 

encountering previously unseen anomalies due to the lack of labeled examples. 

 

• Unsupervised Learning: 

Given that real-world IoT environments rarely have labeled data, unsupervised learning 

techniques are widely adopted. Methods like k-Means clustering, Gaussian Mixture Models 

(GMM), and Autoencoders detect anomalies by identifying data points that deviate from 

normal behavior. These approaches are more flexible and adaptive but may suffer from 

high false-positive rates if normal behavior patterns evolve frequently. 

 

• Semi-Supervised Learning: 

Semi-supervised learning bridges the gap between the previous two methods by utilizing a 

small set of labeled data along with a large amount of unlabeled data. It enables models to 

generalize better in dynamic IoT environments. Techniques such as self-training neural 

networks and semi-supervised SVMs have been shown to perform efficiently with limited 

labeling effort while maintaining high anomaly detection accuracy. 

 

By carefully selecting the learning paradigm and optimizing model parameters, AI-based 

IoT frameworks achieve enhanced performance, adaptability, and real-time responsiveness. 

 

 

 



 
 
 

89 Page 83-94 © MANTECH PUBLICATIONS 2025. All Rights Reserved 

 

Journal of Cloud Computing and Internet of Things  
Volume 3, Issue 2, July-December, 2025 

ISSN: 3107-4391 (Online) 
 
 

Edge and Federated AI for IoT Anomaly Detection 

The distributed and resource-constrained nature of IoT environments makes centralized 

anomaly detection inefficient and often impractical. Traditional cloud-based AI systems 

introduce challenges such as high latency, bandwidth overload, and privacy concerns due to 

the constant transmission of sensitive data. 

 

To address these limitations, Edge AI and Federated Learning (FL) have emerged as 

transformative paradigms. 

• Edge AI: 

In this approach, AI models are deployed directly on edge devices or nearby gateways to 

perform local data analysis. This allows anomaly detection to occur close to the data source, 

significantly reducing response time and network congestion. For instance, edge-deployed 

lightweight models such as TinyML frameworks can detect sensor anomalies in real time 

with minimal computational cost. Moreover, edge computing improves reliability by 

enabling continued operation even during network disruptions. 

 

• Federated Learning (FL): 

Federated Learning introduces a collaborative training approach where multiple IoT 

devices train local AI models on their private data and share only the model updates 

(gradients or weights) with a central server. This ensures data privacy while still leveraging 

collective learning power. The global model continuously aggregates updates and refines 

performance without ever accessing raw data. 

 

Federated frameworks are especially beneficial for privacy-sensitive sectors such as 

healthcare and smart homes, where user data confidentiality is paramount. However, 

synchronization issues and uneven data distribution across devices remain open research 

challenges. 

 

Integrating Edge AI and FL allows IoT anomaly detection systems to achieve an ideal balance 

between efficiency, privacy, and scalability, making them viable for next-generation smart 

infrastructures. 
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Explainable AI (XAI) and Interpretability 

While AI-driven IoT anomaly detection models exhibit impressive accuracy, they are often 

perceived as “black boxes”—systems that provide little to no insight into how decisions are 

made. This lack of interpretability can hinder trust, accountability, and regulatory compliance, 

especially in safety-critical applications such as autonomous vehicles, smart healthcare, and 

industrial automation. 

 

Explainable AI (XAI) aims to bridge this gap by introducing transparency and human 

interpretability into AI decision-making processes. In the context of IoT anomaly detection, 

XAI helps administrators understand: 

• Why a certain data instance was flagged as anomalous, 

• Which features influenced the decision most strongly, and 

• How confident the model is about its prediction. 

 

Common XAI techniques include: 

• Feature Importance Analysis using algorithms like SHAP (SHapley Additive 

exPlanations) and LIME (Local Interpretable Model-agnostic Explanations). 

• Visualization of Latent Spaces in deep models such as autoencoders to illustrate data 

separability between normal and anomalous states. 

• Rule Extraction Methods that translate deep neural network behaviors into human-

readable decision rules. 

 

By incorporating XAI principles, IoT anomaly detection systems can enhance user trust, 

transparency, and regulatory compliance. Moreover, explainable frameworks support model 

debugging and continuous improvement, making them integral to the long-term sustainability 

of AI-based IoT systems. 
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CHALLENGES IN AI-BASED IOT ANOMALY DETECTION 

 

Table 2: Major Challenges in AI-Driven IoT Anomaly Detection 

Challenge Description 
Impact on IoT 

Systems 

Potential Mitigation 

Strategy 

Data Quality 

Issues 

Noisy or incomplete sensor 

data affects model accuracy 

False 

positives/negatives 

Data cleaning and 

augmentation 

Privacy 

Concerns 

Centralized AI leads to 

exposure of sensitive data 
Risk of data leakage 

Federated Learning 

and encryption 

Scalability 
Diverse IoT devices cause 

inconsistent data flow 

Inefficient model 

performance 

Distributed AI and 

Edge computing 

Real-Time 

Detection 

Delay in identifying 

anomalies 

Possible system 

downtime 

Lightweight edge-

based AI models 

Model 

Interpretability 

Black-box models reduce 

transparency 
Lack of user trust 

Explainable AI 

(XAI) frameworks 

 

Data Quality and Availability 

IoT data are often noisy, incomplete, or redundant. Many AI algorithms rely on clean, labeled 

data for effective learning, but obtaining high-quality datasets for anomaly detection is 

challenging. 

 

Scalability and Heterogeneity 

IoT environments include diverse devices with varying communication protocols and 

computational capacities. AI models must scale effectively across distributed, resource-

constrained environments. 

 

Real-Time Processing and Latency 

Timely detection is crucial for preventing system failures. Deep learning models, though 

accurate, may require significant computational power and memory, leading to latency in real-

time applications. 
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Privacy and Security Concerns 

Centralized AI systems that aggregate data at cloud servers expose sensitive IoT data to security 

risks. Federated Learning mitigates this but introduces challenges like communication 

overhead and model convergence. 

 

Model Interpretability and Trust 

Stakeholders often require transparency in AI decision-making. Lack of interpretability in deep 

neural networks hinders trust and adoption in mission-critical applications. 

 

SCOPE AND FUTURE DIRECTIONS 

Federated and Distributed AI Models 

Future IoT systems will increasingly rely on federated AI models to enhance privacy and reduce 

communication overhead. Distributed intelligence will ensure that learning occurs 

collaboratively across edge devices. 

 

Lightweight Deep Learning Models 

Developing lightweight and energy-efficient AI models is essential for edge-based IoT 

systems with limited resources. Techniques such as model pruning, quantization, and 

knowledge distillation can enable efficient deployment. 

 

Explainable and Trustworthy AI 

Explainable AI (XAI) will play a vital role in building trust and transparency. Integrating 

explainability with high-performance models will improve decision-making and compliance 

with ethical guidelines. 

 

Integration with Blockchain 

Combining AI with Blockchain technology can ensure data integrity, traceability, and secure 

sharing of IoT data across distributed networks, further enhancing anomaly detection 

reliability. 

 

Self-Healing IoT Systems 

Future IoT architectures will incorporate self-healing mechanisms, where AI not only detects 

anomalies but also autonomously initiates corrective actions, enabling resilient and  
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autonomous systems. 

 

Sustainability and Green AI 

As IoT systems grow, the energy footprint of AI computation must be minimized. Green AI 

strategies focusing on low-power models and renewable-powered computation will shape 

future IoT deployments. 

 

APPLICATION DOMAINS 

Smart Cities 

AI-driven IoT systems can detect anomalies in traffic flow, energy consumption, and 

environmental monitoring, improving urban efficiency and sustainability. 

 

Healthcare IoT 

In healthcare, anomaly detection helps monitor patient vitals, detect irregular readings, and 

prevent medical emergencies through predictive analysis. 

 

Industrial IoT (IIoT) 

AI-powered predictive maintenance detects equipment anomalies, reducing downtime and 

improving operational efficiency in manufacturing plants. 

 

Agricultural IoT 

AI models detect anomalies in soil moisture or crop health data, enabling early detection of 

irrigation faults or pest attacks. 

 

Smart Grids and Energy Systems 

In energy systems, AI identifies faults, energy theft, or unusual power consumption patterns, 

enhancing grid reliability and resilience. 

 

CONCLUSION 

Artificial Intelligence has emerged as a powerful enabler for anomaly detection in IoT 

ecosystems. By leveraging machine learning, deep learning, and hybrid models, AI enhances 

detection accuracy, adaptability, and scalability. However, challenges such as data 

heterogeneity, privacy, and computational complexity persist. The evolution of edge 
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computing, federated learning, and explainable AI will shape the next generation of IoT 

anomaly detection frameworks. The future lies in developing intelligent, lightweight, and self-

adaptive AI systems that ensure security, efficiency, and reliability across diverse IoT 

applications. 
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