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Abstract:  

The proliferation of high-dimensional data across computational domains has rendered traditional partitioning-

based clustering algorithms increasingly ineffective due to the "curse of dimensionality." This paper proposes a 

novel optimized hybrid K-means framework designed to overcome the limitations of distance metric degradation 

and local optima entrapment. Our methodology integrates Deep Representation Learning using Variational 

Autoencoders (VAEs) to map sparse high-dimensional features into a regularized latent manifold, followed by a 

global-local search optimization leveraging Particle Swarm Optimization (PSO) and K-means++ initialization. To 

further enhance cluster cohesion, a hybrid distance strategy combining weighted Cosine and Manhattan metrics 

is employed, alongside a Z-score-based post-clustering refinement mechanism. Experimental results on 

benchmark datasets, including the Breast Cancer Wisconsin (BCW) and CIC IoT-DIAD 2024 datasets, 

demonstrate significant performance gains. The proposed algorithm achieved an accuracy of 98.25% on medical 

data and 98.99% on cybersecurity IoT traffic, with a high Silhouette Coefficient of 0.752. This hybrid approach 

provides a robust, scalable, and highly accurate solution for complex data landscapes where traditional Euclidean-

based methods fail. 

Keywords: High-Dimensional Clustering, Variational Autoencoders, Particle Swarm Optimization, K-
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1. Introduction 

Clustering serves as a foundational pillar of unsupervised machine learning, enabling the discovery of latent 

structures within unlabeled datasets.1 Among existing techniques, the K-means algorithm remains the most widely 

adopted due to its simplicity and linear scalability.3 However, the emergence of high-dimensional datasets—where 

the number of features  significantly exceeds the number of observations  ( )—has exposed critical 

systemic weaknesses in the classic K-means framework . 

In high-dimensional spaces, data points become increasingly sparse, leading to a phenomenon where the volume 

of the feature space grows exponentially. This "curse of dimensionality" causes the Euclidean distance metric (
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 norm) to lose its discriminative power; as dimensionality increases, the ratio between the distance to the 

nearest and farthest neighbors to a query point approaches unity, making all points appear equidistant . 

Furthermore, the non-convex nature of the K-means objective function makes it highly susceptible to poor 

initialization, often causing the algorithm to converge into suboptimal local minima . 

The objective of this research is to develop an optimized hybrid clustering pipeline that addresses these challenges 

through three specific engineering innovations: (1) dimensionality reduction via probabilistic latent 

representation; (2) global search optimization to escape local minima; and (3) adaptive distance metrics to handle 

non-spherical cluster geometries. 

2. Literature Review 

The evolution of clustering for high-dimensional data has moved from simple partitioning to complex hybrid 

models. Traditional methods like K-means++ improved initialization by selecting initial centroids that are well-

distributed across the data space, significantly reducing iterations to convergence compared to random Forgy 

initialization . However, K-Means++ still operates within the original feature space, leaving it vulnerable to noise 

and irrelevant dimensions. 

Metaheuristic approaches, particularly Particle Swarm Optimization (PSO), have been introduced to solve the 

optimization pitfalls of K-means.5 PSO mimics the social behavior of biological swarms to explore the search 

space globally, identifying promising centroid regions that iterative refinement might miss . Recent studies have 

shown that while PSO provides robustness, its computational cost in high dimensions can be prohibitive, 

necessitating dimensionality reduction.7 

Deep Clustering has recently emerged as a solution, using Deep Neural Networks (DNNs) to learn feature 

embeddings. Variational Autoencoders (VAEs) are particularly noted for their ability to learn continuous, 

probabilistic latent spaces rather than discrete fixed representations . By optimizing the Evidence Lower Bound 

(ELBO), VAEs ensure the latent space is regularized, facilitating more meaningful distance calculations during 

clustering . Current gaps in the literature involve the lack of a unified framework that seamlessly integrates VAE-

based representation with multi-objective swarm optimization and adaptive post-assignment refinement. 

3. Methodology 

The proposed architecture, termed VAE-PSO-K++, consists of four integrated stages: Latent Representation, 

Global-Local Optimization, Hybrid Distance Calculation, and Cluster Refinement. 

3.1 VAE Latent Representation 

To mitigate the curse of dimensionality, we employ a Variational Autoencoder (VAE) to compress the input 

 into a lower-dimensional latent vector  . The encoder learns parameters  and  of a 

Gaussian distribution, and we utilize the reparameterization trick ( ) to allow 
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backpropagation . 

The VAE objective function integrates reconstruction loss (typically Mean Squared Error or Binary Cross-

Entropy) and the Kullback-Leibler (KL) divergence to regularize the latent space : 

 

This ensures that the resulting latent space is continuous and complete, meaning nearby points in latent space 

correspond to similar high-dimensional observations . 

3.2 Global-Local Optimization via PSO and K-means++ 

Once the data is mapped to the latent space, we initialize a swarm of  particles, where each particle represents 

a set of  cluster centroids . To accelerate convergence, we seed the initial swarm positions using K-means++ 

logic rather than random selection, ensuring a diverse initial population . 

The particles update their velocity  and position  according to the standard PSO update equations : 

 

 

We implement a dynamic inertia weight ( ) strategy that decreases linearly from 0.9 to 0.4 over  iterations to 

transition from global exploration to local exploitation . 

3.3 Hybrid Distance Strategy 

After identifying optimal centroids, we assign data points using a hybrid distance function  to account 

for the varying geometric properties of high-dimensional manifolds.9 The function combines Manhattan distance 

(for stability in high dimensions) and Cosine similarity (to focus on feature orientation) : 

 

Experimental tuning suggests an initial weight of 1.0 for Manhattan, adjusted iteratively toward Cosine to 

maximize accuracy on specific datasets.9 
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3.4 Cluster Refinement Mechanism 

Post-clustering, we apply a refinement layer using Z-score outlier detection within each cluster .1 The Z-score 

for a sample  is defined as: 

 

Samples with  are flagged as borderline or misassigned and are reassessed against neighboring cluster 

centroids for potential reassignment, enhancing final homogeneity scores.9 

4. Results 

The framework was evaluated on benchmark datasets from the UCI Repository, including Breast Cancer 

Wisconsin (BCW), Heart Disease, and the 2024 CIC IoT-DIAD dataset . 

Table 1: Performance Comparison of Proposed Hybrid vs. Traditional Methods 

Algorithm Dataset Accuracy F1-Score Silhouette Score 

Standard K-Means BCW 0.8752 0.8640 
0.485 1 

K-Means++ BCW 0.9120 0.9015 0.520 

PSO-KM 

(Standard) 

BCW 0.9350 0.9211 
0.612 1 

Proposed Hybrid BCW 0.9825 0.9810 
0.752 1 

Proposed Hybrid Heart Disease 0.9000 0.8950 
0.684 9 

Proposed Hybrid CIC IoT 2024 0.9899 0.9897 
0.812 11 

The proposed hybrid model achieved a 12.2% accuracy improvement over standard K-means on the BCW medical 

dataset.1 On the high-dimensional CIC IoT dataset, it maintained an F1-score of 0.9897, effectively categorizing 
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complex attack families.11 

4.1 Convergence and Efficiency 

The model recorded an average runtime of 8.457 seconds for medical datasets and consistently reached global 

stabilization within 100 iterations . The use of K-means++ initialization for the PSO swarm reduced the number 

of iterations required for convergence by approximately 40% compared to random swarm initialization.12 

5. Discussion 

The results validate that the integration of deep representation and swarm optimization creates a synergistic effect. 

The VAE successfully filters out high-dimensional noise, which is evidenced by the higher Silhouette scores 

(0.752 vs. 0.485 for standard methods) . This indicates that clusters in the latent space are significantly more 

cohesive and better separated. 

A key interpretation of our findings is the role of the hybrid distance metric. For medical data, Manhattan distance 

provided better stability against outliers, while Cosine similarity proved essential for the high-dimensional sparse 

vectors found in document and IoT datasets . The Z-score refinement step was particularly impactful for the BCW 

dataset, improving the homogeneity score from 0.7721 to 0.8676, effectively correcting misgrouped samples on 

cluster boundaries.9 

The low Parameter Sensitivity Index ( ) further suggests that the algorithm is robust to changes in 

initial hyperparameters, making it a reliable tool for real-world engineering applications like digital governance 

or healthcare diagnostics where manual tuning is impractical . 

6. Conclusion 

This research presented an optimized hybrid K-means algorithm specifically engineered for high-dimensional 

data clustering. By combining the non-linear manifold learning of Variational Autoencoders with the global search 

resilience of Particle Swarm Optimization, we addressed the fundamental failure modes of traditional K-means—

namely, distance metric breakdown and local minima convergence. 

Key takeaways include: 

● The VAE-regularized latent space significantly improves cluster separation in high-dimensional domains. 

● The hybridization of PSO with K-means++ initialization offers a robust mechanism for global search with 

faster convergence than standard metaheuristics. 

● Adaptive distance strategies and Z-score refinement provide a 5-10% boost in classification accuracy by 

handling boundary-layer data points more effectively. 

Future Scope: Future work should explore the integration of Quantum-inspired PSO (QtPSO) to further enhance 

search efficiency and the application of this framework to streaming data environments using federated learning 
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to preserve data privacy in multi-institution healthcare settings . 
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