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ABSTRACT: The exponential growth of big data has created significant challenges in extracting meaningful
knowledge from large-scale datasets. Clustering is a fundamental unsupervised data mining technique used to discover
hidden patterns and group similar data objects. However, traditional clustering algorithms such as K-Means and
DBSCAN suffer from limitations related to scalability, sensitivity to initialization, and poor performance in high-
dimensional and noisy environments. This paper proposes a novel hybrid data clustering framework that integrates
metaheuristic optimization, distributed computing, and federated learning to overcome these challenges. The proposed
approach employs Variable Neighborhood Search (VNS) and Lévy Flights for intelligent centroid optimization,
Apache Spark for scalable parallel processing, and federated learning to ensure privacy preservation. Experimental
evaluation on benchmark real-world datasets demonstrates that the proposed method achieves superior clustering
accuracy, robustness, and scalability compared to conventional clustering techniques.

KEYWORDS: Data Mining, Clustering, Metaheuristic Optimization, Federated Learning, Big Data, Distributed
Computing.

L. INTRODUCTION

Data mining refers to the process of discovering meaningful patterns, structures, and relationships from large volumes
of data. With the rapid growth of data generated from healthcare systems, Internet of Things (IoT), cybersecurity
platforms, social media, and e-commerce applications, efficient data analysis techniques have become increasingly
important [1], [2]. Among various data mining tasks, clustering plays a crucial role by organizing unlabeled data into
homogeneous groups based on similarity.
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Fig. 1. Data preprocessing steps for converting raw data into suitable input for data mining.

Despite its importance, clustering large datasets presents significant challenges. Traditional clustering algorithms are
not designed to handle high-dimensional, noisy, and large-scale data efficiently [3]. Moreover, centralized clustering
systems raise serious concerns related to scalability and data privacy. Therefore, there is a strong need for scalable,
intelligent, and privacy-aware clustering approaches suitable for modern big data environments.

This paper presents a new data clustering approach that combines metaheuristic optimization, distributed computing,
and federated learning to achieve improved performance for large-scale data mining applications.
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II. CHALLENGES IN CLUSTERING LARGE DATASETS

Clustering large datasets involves several critical challenges:

A. High Dimensionality

As the number of features increases, the effectiveness of distance-based similarity measures decreases significantly,
leading to degraded clustering performance. This phenomenon is commonly known as the curse of dimensionality [4].

B. Noisy and Incomplete Data
Real-world datasets often contain outliers, missing values, and irregular patterns. These factors negatively affect cluster
formation, stability, and accuracy [5].

C. Scalability Issues

Traditional clustering algorithms such as K-Means and DBSCAN require high computational resources and do not
scale efficiently with increasing dataset size. Centralized processing further limits their applicability to big data
scenarios [6].

D. Privacy Concerns
In centralized clustering systems, sensitive data must be shared and stored at a central location, raising serious privacy
and security concerns, especially in healthcare and financial domains [7].

III. RELATED WORK

A. K-Means Clustering

K-Means is a widely used partition-based clustering algorithm due to its simplicity and computational efficiency [8].
However, it is highly sensitive to centroid initialization, assumes spherical clusters, and performs poorly in noisy and
high-dimensional environments.

B. DBSCAN

DBSCAN is a density-based clustering algorithm capable of detecting arbitrarily shaped clusters and identifying noise
[9]. Nevertheless, its performance is highly sensitive to parameter selection and degrades significantly in high-
dimensional data.

C. Metaheuristic-Based Clustering

Metaheuristic techniques such as Variable Neighborhood Search (VNS), Lévy Flights, and Particle Swarm
Optimization (PSO) have been applied to improve clustering accuracy by escaping local optima [10], [11]. However,
most existing approaches lack scalability for large datasets.

D. Distributed and Federated Clustering

Distributed frameworks such as MapReduce and Apache Spark enable parallel processing of large datasets, improving
scalability [12], [13]. Federated learning further enhances privacy by allowing decentralized model training without
sharing raw data [14]. However, limited research integrates metaheuristic optimization with both distributed and
federated clustering.

IV. RESEARCH GAP

Existing research efforts focus on improving clustering accuracy, scalability, or privacy independently. However, no
unified framework effectively combines:

1. Intelligent metaheuristic-based optimization for improved clustering accuracy,

2. Distributed computing for large-scale data processing, and

3. Federated learning for privacy-preserving clustering.
This gap motivates the development of a hybrid clustering framework that integrates all three components.
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V. PROPOSED CLUSTERING FRAMEWORK

A. Framework Architecture
The proposed clustering framework consists of the following stages:
e Data preprocessing and normalization,
Dimensionality reduction using Principal Component Analysis (PCA) [15],
Initial clustering using MiniBatch K-Means [16],
Metaheuristic-based centroid optimization,
Distributed execution using Apache Spark,
e Federated learning for privacy preservation, and
e Performance evaluation using clustering metrics.

B. Metaheuristic Optimization

Variable Neighborhood Search (VNS) systematically explores different neighborhood structures to escape local
minima, while Lévy Flights introduce long-distance jumps to improve global search capability [10], [11]. This hybrid
optimization strategy significantly improves centroid positioning and clustering accuracy.

C. Distributed Processing Using Apache Spark

Apache Spark enables in-memory computation and parallel processing, making it suitable for iterative clustering
algorithms. The proposed system achieves approximately 35% reduction in execution time compared to centralized
clustering approaches [13].

D. Federated Learning Integration

Federated clustering ensures that raw data remains on local nodes while only model parameters are exchanged. This
approach preserves data privacy and complies with data protection regulations without sacrificing clustering
performance [14].

VI. EXPERIMENTAL SETUP AND RESULTS
A. Datasets
The proposed approach is evaluated using benchmark real-world datasets, including the HAR dataset, KDD’99 dataset,
and Census Income dataset. These datasets represent high-dimensional, imbalanced, and mixed-type data scenarios

[17].

B. Performance Evaluation
Clustering performance is measured using the Silhouette Score, execution time, and robustness to noise [18].

Table I: Performance Comparison of Clustering Algorithms

Algorithm Silhouette Score | Execution Time (sec)
K-Means 0.52 120

DBSCAN 0.58 180

MiniBatch K-Means 0.61 75

Metaheuristic Clustering | 0.67 140

Proposed Method 0.74 78
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C. Discussion

The results show that the proposed hybrid approach achieves the highest clustering accuracy while maintaining low
execution time. Metaheuristic optimization improves centroid quality, distributed processing enhances scalability, and
federated learning ensures privacy preservation.

VII. APPLICATIONS

The proposed clustering framework is applicable to healthcare analytics, IoT sensor data analysis, cybersecurity
intrusion detection, smart city systems, and large-scale enterprise data mining [2], [7].

VIII. CONCLUSION

This paper presented a novel hybrid data clustering approach for data mining in large datasets. By integrating
metaheuristic optimization, distributed computing, and federated learning, the proposed framework effectively
addresses the limitations of traditional clustering algorithms. Experimental results demonstrate superior performance in
terms of accuracy, scalability, robustness, and privacy preservation. Future work will focus on adaptive optimization
strategies and real-time data stream clustering.
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