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Algorithm, Distance and limit their usability in time-sensitive environments. In this work,
Thresholding,  Real-Time we present a simple and efficient single-pass clustering method based
Processing, Unsupervised on distance thresholding. The proposed approach group’s data points
Learning. by comparing their distances to existing clusters and assigning them

based on a predefined threshold, eliminating the need for multiple

iterations or complex optimization steps. This makes the method
lightweight and suitable for scenarios where quick decisions are
required. The performance of the proposed method is evaluated using a
standard numerical dataset for customer segmentation. The results
show that the method is able to form meaningful clusters with
significantly reduced processing time compared to traditional
approaches. Although the method depends on an appropriate threshold
selection, it offers a practical balance between simplicity and
performance. Overall, the proposed approach provides a fast and easy-

to-implement alternative for real-time clustering tasks, especially in
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systems with limited computational resources

INTRODUCTION

Clustering is one of the most important techniques in data analysis and machine learning. It is used to
group similar data points together when there is no labeled information available. In simple terms,
clustering helps in understanding the structure of data by dividing it into meaningful groups. This
technique is widely used in many real-world applications such as customer segmentation, fraud detection,

medical data analysis, image processing, and recommendation systems [1] [2].

In recent years, the amount of data generated in different systems has increased rapidly. Because of this,
there is a growing need for fast and efficient data processing methods. Clustering plays an important role
in handling such data, especially when we need to find patterns quickly. However, many traditional
clustering algorithms are not designed for real-time environments, where speed and efficiency are very
important [3]. One of the most popular clustering algorithms is K-means. It is simple, easy to implement,
and works well in many situations. The algorithm divides the data into a fixed number of clusters and

updates the cluster centers iteratively until convergence [4].

Although K-means is widely used, it has some clear drawbacks. It requires the number of clusters to be
known in advance, which is not always possible in real world problems. Also, it depends on multiple
iterations to improve the clustering result, which increases computation time and makes it less suitable

for large datasets or real-time applications [5].

Another important issue with iterative clustering methods is that they consume more computational
resources. In systems such as Internet of Things (IoT), UAV networks, and edge computing, devices
often have limited processing power. In such cases, running complex and iterative algorithms can cause
delays and reduce system performance. Therefore, there is a strong need for a clustering method that is

simple, fast, and does not depend on repeated calculations [6].

To address these challenges, this paper proposes a single pass clustering method based on distance
thresholding. The proposed method processes each data point only once and makes clustering decisions
immediately. The idea is straight forward: when a new data point arrives, its distance from existing
clusters is calculated. If the distance is smaller than a predefined threshold, the point is added to that
cluster. Otherwise, a new cluster is created. This process continues until all data points are assigned. One

of the key advantages of this approach is that it removes the need for iterative centroid updates. This
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significantly reduces execution time and computational cost. In addition, the proposed method does not
require the number of clusters to be predefined. Instead, the number of clusters is automatically
determined based on the distance relationships among data points. This makes the method more flexible
and suitable for different types of datasets. The proposed method is especially useful in applications
where fast decision-making is required. For example, in real time monitoring systems, online data

processing, and UAV based networks, quick grouping of data is necessary for efficient operation [7].

The simplicity of the proposed method also makes it easy to implement and deploy in practical systems.
To evaluate the performance of the proposed approach, experiments are conducted using a standard
customer segmentation dataset. The results are compared with the K means algorithm using different
performance metrics such as execution time, Silhouette Score, Davies-Bouldin Index, and Calinski-

Harabasz Score [8].

The experimental results show that the proposed method achieves much faster execution while

maintaining competitive clustering quality.

The main contributions of this work can be summarized as follows:

* A simple and efficient single-pass clustering method without iterative processing
* A distance threshold-based approach for automatic cluster formation

» A computationally lightweight solution suitable for real time applications

* A detailed comparison with K-means showing improved execution speed and competitive clustering

performance

The remainder of this paper is organized as follows. Section 2 presents the related work. Section 3
describes the proposed methodology. Section 4 discusses the experimental results and analysis. Finally,

Section 5 concludes the paper and suggests future work.
RELATED WORK

Clustering has been widely studied in the field of machine learning and data analysis. Over the years,
many clustering techniques have been proposed, each with its own advantages and limitations. Among
these methods, partition-based, hierarchical, and density-based clustering approaches are the most

commonly used [1] [2].
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One of the earliest and most popular clustering algorithms is K-means, introduced by MacQueen [3]. It
partitions data into a predefined number of clusters by minimizing the distance between data points and
their corresponding cluster centroids. Due to its simplicity and efficiency, K-means has been widely
applied in many domains. However, it requires the number of clusters to be specified in advance and
depends on iterative updates, which can increase computational cost and affect performance in large-

scale datasets [4].

Hierarchical clustering is another well-known approach, which builds a tree-like structure of clusters
using either agglomerative or divisive methods [5]. Although it provides better interpretability and does
not require a fixed number of clusters initially, it suffers from high computational complexity and is not
suitable for large datasets. Density-based methods such as DBSCAN have also been proposed to address

some limitations of traditional clustering algorithms [6] [9].

These methods group data points based on density and can identify arbitrary-shaped clusters as well as
noise points. However, their performance depends heavily on parameter selection, such as neighborhood
radius and minimum points, which can be difficult to tune for different datasets. In recent years, several
studies have focused on improving clustering efficiency for real-time and large-scale applications.
Lightweight clustering techniques and approximate methods have been proposed to reduce computational

overhead and improve processing speed [7].

These approaches aim to mini mize the number of iterations or simplify distance calculations, making
them more suitable for dynamic environments [10]. Despite these advancements, most existing clustering
algorithms still rely on iterative optimization or complex parameter tuning. This makes them less suitable
for applications that require fast decision-making and low computational cost. In contrast, the method
proposed in this paper focuses on a single-pass clustering approach, where data points are processed
sequentially without iterative refinement. This helps in achieving faster execution while maintaining
meaningful clustering performance. The proposed approach differs from traditional methods by
eliminating the need for predefined cluster count and iterative updates. Instead, it uses a distance
threshold-based mechanism to form clusters dynamically. This makes the method simple, efficient, and

suitable for real-time applications, addressing the limitations of existing clustering techniques.
PROPOSED METHODOLOGY

This paper presents a fast and efficient single-pass clustering framework based on distance thresholding.

The proposed approach is designed to eliminate iterative optimization while maintaining effective
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grouping of data points. Unlike conventional clustering methods such as K-means, which require
repeated centroid updates and convergence checks, the proposed method processes each data point only
once in a sequential manner. This significantly reduces computational overhead and enables its

applicability in real-time and resource-constrained environments.

Let the dataset be represented as:

Xo=%1 20,08, e n B } (1)

Where each data point is defined as:
Ly = iJ:[lrJ:|'2~ ”".im} (2)

With n representing the total number of data points and m denoting the number of features in the dataset.
To ensure uniform contribution of all features during distance computation, Min-Max normalization is

applied to transform the data into a common scale:

£ = Tim
= (3)
'rl.'h'ﬂ.r - 'r.'h'."l.'
This transformation ensures that each feature contributes equally to the distance measure and prevents

bias caused by varying feature magnitudes. Following normalization, the similarity between data points is

computed using the Euclidean distance metric:

Tl

d(zx;, x;) = Z[.r',;‘. — k)2 (4)

k=1

This distance function provides a quantitative measure of similarity, where smaller values indicate higher

similarity between data points. To guide the clustering process, a global distance threshold is defined as:

T = o - mean( D) (5)
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Where D represents the set of all pairwise distances in the dataset and a is a scaling factor that controls
cluster compactness. The value of a plays an important role in determining the number and size of

clusters. Lower values of a result in tighter clusters, while higher values allow broader grouping.

The clustering process is performed in a sequential manner. Initially, the first data point forms the first
cluster. For each subsequent data point xi, its distance to the centroid of each existing cluster Cj is

computed as:

d(x;, Cy) = ||z — pyl| (6)

Where j denotes the centroid of cluster Cj, defined as the mean of all data points assigned to that cluster.
The centroid is updated incrementally as new points are added, ensuring that it reflects the current cluster

structure.

The minimum distance across all clusters is then determined as:

Amie = miin d(2;, C5) (7)

i)

If dmin < T, the data point is assigned to the nearest cluster. Otherwise, a new cluster is created and
initialized with xi. This decision rule enables adaptive and data-driven cluster formation without
requiring prior knowledge of the number of clusters. Since each data point is processed only once and no
iterative refinement is performed, the proposed framework avoids repeated computations. This
significantly improves execution speed while maintaining meaningful clustering performance. The
absence of iterative updates also makes the method more stable and predictable in dynamic

environments.

The computational complexity of the proposed method can be expressed as:

Oln - k) (8)

Where n is the number of data points and k is the number of clusters formed during execution. This

complexity arises from comparing each data point with the centroids of existing clusters
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A) Algorithm

Aldgorithm 1 Single-Pass Distance-Based Clustering
Require: Dataset X — {a,,axo,...,a, }. Threshold &
Ensure: Cluster labels

- Wormalize dataset X

2: Initialize empty cluster set ¢ «— {@
3: for each data point @o; = X do

4 if ¢ is empty then

5 Create new cluster 'y

62 Assign ey —» O

7 else

8 for each cluster '; = ' do
=5 Compute distance o (o, ;)
10: end for

11: Aopin — ming; d(ax;, pe;)

12: if ;.. =< 7 then

13: Assign o, — O

1< Update centroid go;

15: else

16: Create new cluster (' ean
17: Assign oy — Clp

18: emnd if

19: end if

20: end for
21: return cluster labels

RESULT AND DISCUSSION

A) Simulation Setup

The performance of the proposed single-pass clustering method is evaluated using the Mall Customer
Segmentation dataset. The dataset consists of customer records with features such as Annual Income and
Spending Score, which are commonly used for clustering-based analysis. Prior to clustering, the dataset
is normalized using Min-Max scaling to ensure uniform contribution of features during distance
computation.

All experiments are conducted using Python with standard scientific libraries. The proposed method is
compared against the K-means clustering algorithm under the same conditions to ensure a fair evaluation.
Both methods are applied to the same feature space, and the number of clusters in K-means is set equal to
the number of clusters generated by the proposed method.

The evaluation is performed using multiple performance metrics, including execution time, Silhouette
Score, Davies Bouldin Index (DB Index), and Calinski-Harabasz (CH) Score. These metrics provide a

comprehensive assessment of clustering quality in terms of separation, compactness, and overall structure.

B) Quantitative Results

Table I presents the comparative results of the proposed method and K-means.
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TABLE 1
PERFORMANCE COMPARISON OF PROPOSED METHOD AND K-MEANS

Metric Proposed  K-means

Clusters T 7

Execution Time (s) (0005935 (0.024453

Silhouette Score 04917 (0. 4808

DB Index () (.5443 0.7718

CH Score (T) 177.68 22256

The results show that the proposed method achieves significantly lower execution time compared to K-
means. Specifically, the proposed approach requires only 0.005935 seconds, while K-means takes
0.024453 seconds. This demonstrates approximately four times faster performance, which is mainly due
to the elimination of iterative centroid updates.

In terms of clustering quality, the proposed method achieves a higher Silhouette Score of 0.4917
compared to 0.4808 obtained by K-means. This indicates that the clusters formed by the proposed
method have better separation between groups. Additionally, the Davies-Bouldin Index of the proposed
method is significantly lower (0.5443) than that of K means (0.7718), suggesting that the clusters are
more compact and well-defined.

Although K-means achieves a higher Calinski-Harabasz score, this is expected due to its iterative
optimization mechanism, which refines cluster centroids over multiple iterations. In contrast, the
proposed method achieves competitive performance without requiring such iterative refinement.

C) Graphical Analysis

Fig. 1 illustrates the clustering results obtained using both methods. The proposed method produces
clearly separated clusters with minimal overlap, indicating effective grouping of data points. K-means
also forms distinct clusters; however, slight variations in cluster boundaries can be observed due to

centroid optimization.

Performance Comparison

= Proposed

N E:Means
200

150

100

T
Siltvouee DB Indesx CH Score

Ei

g . Clustering results of Proposed Method and K-means

Binayak Adhikari, Jyoti Sehrawat Page | 331



The Academic Volume 4 | Special Issue 3 | April 2026

Fig. 2 presents the execution time comparison. It is evident that the proposed method significantly
outperforms K-means in terms of speed. The absence of iterative updates allows the proposed method to

process data in a single pass, making it highly efficient.

Execution Time Comparison
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Fig. 2. Execution Time Comparison
Fig. 3 shows the comparison of clustering performance metrics. The proposed method achieves better
Silhouette Score and lower DB Index, indicating improved cluster separation and compactness. While K-

means achieves a higher CH Score, the overall performance of the proposed method remains competitive.
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Fig. 3. Performance Metrics Comparison
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D) Discussion

The experimental results demonstrate that the proposed single-pass clustering method provides a strong
balance between computational efficiency and clustering quality. The elimination of iterative processing
significantly reduces execution time, making the method suitable for real-time applications. Furthermore,
the proposed approach achieves better separation and compactness of clusters, as indicated by Silhouette
Score and DB Index. This suggests that the distance threshold based mechanism effectively captures the
inherent structure of the data. Although K-means performs better in terms of CH Score, its reliance on
iterative refinement increases computational cost. In contrast, the proposed method achieves competitive
results without iteration, which highlights its efficiency and practicality Overall, the results confirm that
the proposed method is a viable alternative to traditional clustering algorithms, particularly in scenarios

where fast processing and low computational overhead are critical.
CONCLUSION AND FUTURE WORK

This paper presented a fast and efficient single-pass clustering framework based on distance thresholding.
The proposed method eliminates the need for iterative optimization by processing each data point only
once, thereby significantly reducing computational overhead. Unlike traditional clustering algorithms
such as K-means, which rely on repeated centroid updates, the proposed approach performs clustering in
a sequential manner while dynamically determining the number of clusters. The experimental results
demonstrate that the proposed method achieves substantially lower execution time compared to K-means,
making it highly suitable for real-time and resource-constrained applications. In addition, the proposed
approach provides competitive clustering performance, achieving higher Silhouette Score and lower
Davies-Bouldin Index, which indicate better cluster separation and compact ness. Although K-means
achieves a higher Calinski-Harabasz score due to its iterative refinement process, the proposed method

maintains a strong balance between efficiency and clustering quality.

Overall, the results confirm that the proposed framework is an effective alternative to conventional
clustering techniques, particularly in scenarios where fast processing and low computational cost are
critical. Despite its advantages, the proposed method has certain limitations. The clustering performance
is influenced by the selection of the distance threshold parameter, which may require tuning for different
datasets. Additionally, the current approach is primarily evaluated on low-dimensional data and may face

challenges in handling high-dimensional feature spaces.

Future work can focus on developing adaptive threshold selection mechanisms to further improve

clustering robustness. The extension of the proposed method to high-dimensional data and large-scale
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datasets is another important direction. Furthermore, integrating the proposed framework with real time
systems such as IoT and UAV networks can enhance its practical applicability. Incorporating advanced
distance measures or hybrid techniques may also improve clustering performance in complex data

scenarios.
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