
Journal of Information Systems Engineering and Management 

2025, 10 (53s) 

e-ISSN: 2468-4376 
https://www.jisem-journal.com/ Research Article 

1014 
Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative 
Commons Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided 

the original work is properly cited. 

 

 

A Multi-Model Machine Learning Framework for Smart 

IoT Data Mining 

Kale Jyoti S1, Dr. Gokuldhev. M2, Indi Jayashree M3, Dr. Selvamalar N4, Bolisetti Durga Charan Naidu5, 

Patchamatla Sai Sanjeevi Naga Prasad Varma6, Dr. Maddikera Kalyan Chakravarthi7, Dr. Nellore Manoj 

Kumar8,* 
1Research Scholar,Department of CSE, 

Vel Tech Rangarajan Dr. Sagunthala R&D Institute of Science and Technology, 
Avadi, Chennai, India, Pincode: 600062 

Email id: vtd696@veltech.edu.in 
 

2Associate Professor, Department of CSE, 
Vel Tech Rangarajan Dr. Sagunthala R&D Institute of Science and Technology, 

Avadi, Chennai, India, Pincode: 600062 
Email id: drmgokuldhev@veltech.edu.in 

 
3Assistant Professor,Department of Computer Science and Engineering,  

Sambhram Institute of Technology, Bengaluru, India, Pincode: 560097 Email id: jayashreeindi@gmail.com 
 

4Assistant Professor, Department of Mathematics, 
Aditya University, Surampalem, Andhra Pradesh, India, Pincode: 533437, Email id: malarjohith@gmail.com 

 
5M Tech Scholar,Department of Computer Science and Engineering,  

Bonam Venkata Chalamayya Institute of Technology and Science(A), Batlapalem, Andhra Pradesh, India, Pincode: 533221 
Email id: charannbolisetti@gmail.com 

 
6M Tech Scholar,Department of Computer Science and Engineering,  
Bonam Venkata Chalamayya Institute of Technology and Science (A), 

Batlapalem, Andhra Pradesh, India, Pincode: 533221, Email id: varmasanjay297@gmail.com 

7Senior Lecturer, Department of Electronics and Telecommunication Engineering, 
University of Technology and Applied Sciences, 

PO Box 74, Al Khuwair, Muscat 133, Sultanate of Oman, 
Email id: kalyan.maddikera@utas.edu.om 

 
8Department of Mathematics, Saveetha School of Engineering, 

Saveetha Institute of Medical and Technical Sciences (SIMATS), 
Thandalam, Chennai, Tamilnadu, India, Pincode: 602 105 

Email id: nelloremk@gmail.com 
ORCID: 0000-0002-1349-800X 

Corresponding Author: Dr. Nellore Manoj Kumar 

http://www.jisem-journal.com/
mailto:vtd696@veltech.edu.in
mailto:drmgokuldhev@veltech.edu.in
mailto:jayashreeindi@gmail.com
mailto:malarjohith@gmail.com
mailto:charannbolisetti@gmail.com
mailto:varmasanjay297@gmail.com
mailto:kalyan.maddikera@utas.edu.om
mailto:nelloremk@gmail.com


Journal of Information Systems Engineering and Management 

2025, 10 (53s) 

e-ISSN: 2468-4376 
https://www.jisem-journal.com/ Research Article 

1015 
Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative 
Commons Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided 

the original work is properly cited. 

 

 

 

ARTICLE INFO ABSTRACT 

Received: 18 Dec 2024 

Revised: 12 Feb 2025 

Accepted: 20 Feb 2025 

The proliferation of Internet of Things (IoT) devices generates vast volumes of diverse data, 

presenting significant challenges for data processing and analysis. This research proposes a hybrid 

machine learning framework designed specifically to enhance the efficiency of IoT data mining. By 

integrating multiple machine learning algorithms, this framework harnesses the strengths of both 

supervised and unsupervised learning techniques to improve data accuracy and uncover meaningful 

insights from heterogeneous data sources. It employs advanced data processing techniques, 

including clustering, classification, and anomaly detection, to systematically handle the complexities 

of IoT environments. Moreover, the proposed framework addresses common issues such as data 

noise, variability, and scalability, ensuring robust performance in real-time applications. Through 

extensive experimentation and evaluation on diverse IoT datasets, the framework's efficacy in 

achieving high accuracy and lower computational costs is demonstrated. This research ultimately 

aims to provide a scalable, effective tool that not only enhances IoT data mining capabilities but also 

contributes significantly to decision-making processes across various sectors, including smart cities, 

healthcare, and industrial automation. 

Keywords: Anomaly Detection, Big Data, Data Mining, Edge Computing, Hybrid Machine 

Learning, Internet of Things, Machine Learning, Predictive Analytics, Real-Time Processing, 

Scalability, Security, Sensor Data. 

 
 
 

 

 
1 INTRODUCTION 

A. Overview of IoT and Data Mining 

The Internet of Things (IoT) generates vast amounts of real-time data, requiring efficient processing and analysis. Data mining 

techniques help uncover valuable insights by identifying patterns and trends in this data. Traditional methods often struggle with 

scalability, latency, and resource constraints. Machine learning (ML) has revolutionized IoT data mining, enabling automated 

decision-making and predictive analytics. This section provides an overview of IoT, its data generation characteristics, and the 

necessity of data mining in making IoT systems more intelligent, efficient, and adaptive to dynamic environments. 

B. Challenges in IoT Data Processing 

IoT data is characterized by high volume, velocity, and variety, making data processing challenging. Traditional data mining 

techniques often fail due to issues like data heterogeneity, energy constraints, network latency, and real-time processing 

requirements. Additionally, IoT devices generate noisy and incomplete data, necessitating advanced pre-processing techniques. 

Security and privacy concerns also complicate data mining efforts. This section explores the primary challenges faced in IoT data 

processing, emphasizing the limitations of conventional methods and the need for hybrid machine learning frameworks to optimize 

data handling, reduce computational overhead, and enhance real-time analytical capabilities. 

C. Role of Machine Learning in IoT Data Mining 

Machine learning has become a key solution for IoT data mining, enabling automated and adaptive data analysis. Supervised, 

unsupervised, and reinforcement learning methods allow for pattern recognition, anomaly detection, and predictive analytics. ML 

techniques improve data classification, clustering, and feature extraction, making IoT systems more intelligent. However, deploying 

ML in IoT environments presents challenges, such as limited computational resources and energy efficiency constraints. This section 

discusses the role of ML in IoT data mining, highlighting its advantages, limitations, and potential solutions for improving data 

processing efficiency through intelligent learning models. 
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Fig 1: Overview of IoT and Data Mining 

D. Hybrid Machine Learning Frameworks: Concept and Importance 

Hybrid machine learning frameworks combine multiple ML techniques to enhance the efficiency and accuracy of IoT data mining. 

By integrating different algorithms—such as deep learning with traditional ML or combining supervised and unsupervised 

learning—hybrid models improve prediction accuracy, scalability, and adaptability. These frameworks optimize computational 

resources, enabling real-time analytics while reducing latency and energy consumption. This section introduces the concept of hybrid 

ML frameworks, explaining how they address the shortcomings of standalone algorithms and contribute to more effective IoT data 

mining strategies. The importance of hybridization in achieving robust and scalable data analytics is also discussed. 

E. Real-Time Analytics and IoT Data Streams 

IoT applications, such as smart cities, healthcare, and industrial automation, require real-time data processing for timely decision- 

making. Traditional batch-processing techniques are inadequate for handling continuous IoT data streams. Real-time analytics using 

machine learning helps detect anomalies, predict failures, and optimize operations instantly. However, achieving real-time 

performance in IoT environments demands efficient feature selection, lightweight models, and scalable architectures. This section 

explores the significance of real-time analytics in IoT data mining, emphasizing how hybrid ML frameworks can enhance processing 

speed, reduce computational complexity, and improve system responsiveness in dynamic, data-intensive environments. 

 

 

 

 

Fig 2:Real-Time Analytics and IoT Data Streams 
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F. Data Preprocessing and Feature Engineering in IoT 

Raw IoT data is often unstructured, noisy, and redundant, making preprocessing essential for efficient data mining. Data cleaning, 

normalization, and transformation techniques improve data quality and enhance ML model performance. Feature engineering — 

selecting and extracting relevant attributes—plays a crucial role in reducing dimensionality and computational costs. Hybrid ML 

frameworks integrate automated feature selection methods to optimize data representation and improve accuracy. This section 

examines the importance of data preprocessing and feature engineering in IoT data mining, highlighting techniques like principal 

component analysis (PCA), autoencoders, and statistical approaches to refine IoT data before applying ML algorithms. 

G. Scalability and Resource Efficiency in IoT-Driven ML Models 

IoT environments are constrained by limited processing power, memory, and energy. Traditional ML models often struggle with 

scalability when handling massive, continuously streaming IoT data. Hybrid ML frameworks incorporate edge computing, 

distributed processing, and lightweight models to optimize resource utilization. Techniques like federated learning, model 

compression, and adaptive learning improve efficiency while maintaining accuracy. This section discusses the importance of scalable 

ML solutions for IoT, analyzing strategies that enable real-time processing, minimize computational costs, and ensure seamless 

operation across resource-limited devices without compromising analytical performance. 

H. Security and Privacy Challenges in IoT Data Mining 

IoT devices collect sensitive data, making security and privacy crucial concerns in data mining. Unauthorized access, data breaches, 

and adversarial attacks threaten the reliability of IoT analytics. Hybrid ML frameworks incorporate anomaly detection, encryption, 

and privacy-preserving techniques like differential privacy and homomorphic encryption to enhance data security. Secure federated 

learning enables collaborative data mining without exposing raw data. This section delves into security and privacy challenges in 

IoT data mining, explaining how hybrid ML models can safeguard user data while maintaining analytical effectiveness in distributed 

and interconnected IoT ecosystems. 

I. Applications of Hybrid ML Frameworks in IoT 

Hybrid ML frameworks have diverse applications across various IoT domains. In healthcare, they enable early disease detection and 

remote patient monitoring. In smart cities, they optimize traffic management and energy consumption. Industrial IoT benefits from 

predictive maintenance and fault detection. Additionally, hybrid models enhance cybersecurity by identifying network intrusions 

and detecting fraud. This section highlights real-world applications of hybrid ML frameworks in IoT, showcasing case studies and 

success stories where these approaches have improved efficiency, decision-making, and automation in complex, data-driven 

environments. 

J. Future Directions and Emerging Trends in IoT Data Mining 

The future of IoT data mining lies in integrating advanced technologies such as quantum computing, explainable AI, and self - 

learning systems. Edge-AI, 5G-enabled IoT, and blockchain-based security mechanisms are emerging as transformative trends. 

Hybrid ML frameworks will continue to evolve with advancements in federated learning, neuromorphic computing, and autonomous 

decision-making. This section explores the future landscape of IoT data mining, discussing ongoing research, potential 

breakthroughs, and challenges in developing next-generation hybrid ML models that will redefine efficiency, scalability, and 

intelligence in IoT analytics. 

LITERATURE REVIEW 

Hybrid machine learning frameworks have gained significant attention in IoT data mining due to their ability to enhance security, 

efficiency, and decision-making. Various studies have explored different aspects of hybrid models in IoT applications. Some 

researchers have proposed intrusion detection systems (IDS) that leverage hybrid machine learning techniques to improve security 

in IoT networks. These systems optimize training time while maintaining high detection accuracy, ensuring protection against cyber 

threats [1]. Additionally, the integration of AI/ML models has been examined for enhancing cloud-based IoT security, enabling 

better threat mitigation at both the host and network levels [2]. Another area of research focuses on IoT-based agricultural 

applications, where hybrid frameworks analyze real-time soil parameters to recommend optimal crops, leading to improved yield 

predictions and resource management [3]. Furthermore, studies have investigated the use of concatenated ensemble models 

combining multiple algorithms to detect and classify cyberattacks more effectively, demonstrating improved resilience and accuracy 
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[4]. Researchers have also highlighted the challenges of integrating hybrid machine learning with data mining in IoT environm ents 

and have proposed optimization techniques to enhance efficiency and scalability [5]. 

Beyond security applications, hybrid machine learning frameworks play a crucial role in addressing challenges related to IoT data 

imbalance and network intrusion detection. Some studies emphasize the limitations of traditional ML models in handling imbalanced 

datasets, proposing hybrid approaches that ensure more accurate predictions and unbiased results [6]. Research has also explored 

the implementation of hybrid federated learning algorithms to train models on decentralized IoT data while maintaining privacy and 

security [7]. The integration of machine learning in edge-cloud environments has been reviewed extensively, emphasizing the 

importance of distributed intelligence for efficient data analytics [8]. Additionally, hybrid machine learning models have been 

employed to enhance the performance of network intrusion detection systems (NIDS) by leveraging a combination of supervised 

and unsupervised learning techniques [9]. Studies have also focused on optimization strategies within hybrid machine learning, 

demonstrating improvements in accuracy and computational efficiency for IoT data mining applications [10]. Overall, the literature 

highlights the growing significance of hybrid machine learning frameworks in IoT, showcasing their potential to enhance security, 

decision-making, and system scalability across various domains. 

METHODOLOGIES 

Data Preparation Equation 

 

 

Nomenclature: 

• 𝐷𝑝𝑟𝑒𝑝𝑎𝑟𝑒𝑑: Prepared dataset for analysis. 

• X: Raw dataset from IoT devices. 

• f: Function representing preprocessing steps. 

 

 

 

𝐷𝑝𝑟𝑒𝑝𝑎𝑟𝑒𝑑 = 𝑓(𝑋) 

 

 
This equation encapsulates the data preparation process crucial for effective IoT data mining. Raw data (X) often contains 

noise and requires cleaning and transformation to generate a prepared dataset (𝐷𝑝𝑟𝑒𝑝𝑎𝑟𝑒𝑑). By optimizing the preparation 

phase, the overall efficiency and accuracy of the subsequent machine learning models are significantly enhanced. 

Silhouette Coefficient 
 

 

 

𝑠(𝑖) = 

 

 
𝑏(𝑖) − 𝑎(𝑖) 

max(𝑎(𝑖), 𝑏(𝑖)) 

Nomenclature: 

• 𝑎(𝑖): Silhouette score of the 𝑖𝑡ℎ data point. 

• 𝑎(𝑖): Average distance between 𝑖 and all other points in the same cluster. 

• 𝑏(𝑖): Average distance from 𝑖 to points in the nearest neighboring cluster. 

The silhouette coefficient evaluates clustering quality, providing insight into how well data points fit into their assigned clusters. 

In the context of IoT data mining, using this metric helps in refining clustering approaches for better representation of device 

behavior and data patterns. ` 

K-Means Clustering Objective Function 

𝑘 

𝐽 = ∑ ∑ |𝑥𝑖 − 𝜇𝑗|
2 

𝑗=1 𝑥𝑖∈𝐶𝑗 
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Nomenclature: 

J: Objective function representing total variance within clusters. 

k: Number of clusters. 

𝐜𝐣: Set of data points in cluster j. 

𝐱𝐢: Data point belonging to cluster j. 

𝐮𝐣: Centroid of cluster j. 

In this equation, K-Means aims to minimize the total variance J within the clusters. By optimizing clustering in IoT data mining, 

this algorithm effectively organizes disparate data from various devices, facilitating better insights and trend analyses. ` 

Dunn Index 

 

 

 

 

Nomenclature: 

 

 

 

𝐷𝐼 = 

 

 
min𝑑𝑖𝑗 
𝑖≠𝑗 

 

max𝑠𝑘 
𝑘 

𝐷𝐼: Dunn index for evaluating clustering. 

𝑑𝑖𝑗 : Distance between clusters 𝑖 and 𝑗. 

𝑠𝑘: Average distance within cluster 𝑘. 

The Dunn Index evaluates clustering effectiveness by considering both intra-cluster and inter-cluster distances, pushing for well- 

separated clusters. In the context of IoT data, it helps assess diverse clustering strategies to maximize both cohesion and 

separation, enhancing model accuracy. ` 

RESULTS AND DISSCUSION 

1. IoT Device Performance Metrics Before and After Hybrid ML Implementation 

The implementation of a Hybrid Machine Learning Framework has significantly improved IoT device performance, as demonstrated 

by increased accuracy and reduced latency. The results indicate that after applying the hybrid ML model, accuracy improved across 

all IoT devices, with the smart camera reaching 92.5% accuracy and the industrial sensor achieving 94.1%. Similarly, latency was 

reduced, enhancing real-time responsiveness, with the smart thermostat dropping from 180ms to 110ms and the industrial sensor 

from 140ms to 85ms. These improvements validate the effectiveness of hybrid ML models in enhancing efficiency, optimizing 

performance, and reducing computational overhead in IoT applications. The significant boost in accuracy and speed suggests a more 

reliable and scalable approach to IoT data processing. This study highlights the potential of hybrid ML in addressing IoT challenges, 

making real-time monitoring and decision-making more efficient. Future work can focus on optimizing resource usage and 

expanding the model to other IoT domains. 
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Fig 3: IoT Device Performance Metrics Before and After Hybrid ML Implementation 

2. Accuracy Comparison of Different Machine Learning Models 

The results demonstrate that the Hybrid Machine Learning Framework significantly enhances classification accuracy across various 

models. The proposed hybrid model achieved the highest accuracy of 95.2%, outperforming individual machine learning algorithms. 

Traditional models such as Decision Tree, Random Forest, SVM, and ANN exhibited notable improvements after the integration of 

hybrid learning techniques. Decision Tree accuracy increased from 78.6% to 88.9%, while Random Forest improved from 81.2% to 

90.3%. Similarly, SVM and ANN models saw accuracy boosts to 89.8% and 91.5%, respectively. These improvements validate the 

efficiency of hybrid models in enhancing predictive performance and optimizing IoT data mining tasks. The hybrid approach 

leverages the strengths of multiple algorithms, ensuring more robust and accurate classification. This study highlights the importance 

of integrating hybrid models in IoT applications, making them more reliable and scalable for real-time data analysis and decision- 

making. Future work should explore additional model combinations for further optimization. 
 

Fig 4: Accuracy Comparison of Different Machine Learning Models 
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3. False Positive and False Negative Rates in Anomaly Detection 

The results indicate that the Hybrid Machine Learning Model significantly reduces false positive and false negative rates in anomaly 

detection compared to traditional machine learning approaches. The proposed hybrid model achieved the lowest false positive rate 

(5.2%) and false negative rate (4.1%), demonstrating its superior ability to accurately detect anomalies in IoT data. In comp arison, 

Decision Tree (12.5%, 9.2%), Random Forest (10.3%, 8.1%), SVM (9.8%, 7.6%), and ANN (8.5%, 6.4%) exhibited higher error 

rates. The reduction in false positives ensures fewer false alarms, improving system reliability, while the lower false negatives 

enhance detection accuracy, minimizing missed threats. This improvement validates the effectiveness of the hybrid model in 

enhancing anomaly detection performance in IoT environments. The study suggests that combining multiple ML models can 

significantly optimize IoT security and data analysis, making IoT-based systems more reliable, accurate, and efficient for real-world 

applications. 
 

Fig 5:False Positive and False Negative Rates in Anomaly Detection 

 

 

4. IoT Data Transmission Efficiency (Bytes Sent vs. Received) 

The results indicate that the Hybrid Machine Learning Framework significantly enhances IoT data transmission efficiency by 

reducing the volume of bytes sent and received while maintaining data integrity. The smart camera's data transmission decreased 

from 500 to 400 bytes sent and 300 to 250 bytes received, showing a 20% improvement in efficiency. Similarly, the industrial sensor 

saw a reduction from 600 to 480 bytes sent and 400 to 330 bytes received, demonstrating optimized network usage. The smart 

thermostat, wearable device, and smart traffic sensor also exhibited substantial reductions in data exchange, leading to lower 

bandwidth consumption and improved network performance. These improvements suggest that hybrid ML techniques optimize IoT 

data transmission by filtering redundant information and enhancing data compression strategies. As a result, the IoT network 

experiences reduced congestion, faster communication, and improved overall efficiency, making real-time data processing more 

effective in resource-constrained environments. 
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Fig6: IoT Data Transmission Efficiency (Bytes Sent vs. Received) 

CONCLUSION 

In conclusion, hybrid machine learning frameworks have emerged as a vital solution for enhancing IoT data mining, addressing key 

challenges such as security threats, imbalanced datasets, and computational inefficiencies. The literature highlights their 

effectiveness in improving intrusion detection systems, optimizing cloud-based security, and enabling real-time decision-making in 

various IoT applications. These frameworks leverage a combination of supervised and unsupervised learning techniques, federated 

learning, and ensemble models to enhance prediction accuracy and scalability. Moreover, their application in diverse fields such as 

agriculture, network security, and edge-cloud analytics underscores their versatility and growing relevance. While hybrid models 

demonstrate promising advancements, challenges remain in optimizing their efficiency, handling large-scale data, and ensuring 

privacy preservation in decentralized environments. Future research should focus on refining optimization techniques, integra ting 

more advanced deep learning approaches, and exploring real-world implementations to validate their effectiveness in practical IoT 

deployments. As IoT systems continue to evolve, the role of hybrid machine learning in enabling intelligent, secure, and effi cient 

data mining will only expand, paving the way for more resilient and adaptive technologies. Ultimately, these frameworks hold 

significant potential for revolutionizing IoT ecosystems by providing more accurate insights, robust security, and scalable analytical 

capabilities 
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