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Abstract. The K-Means clustering algorithm is a fundamental tool in machine learning, but its performance
is often strongly affected by the instability of traditional random initialization methods, which can lead to
convergence to poor local optima. Although many studies have proposed deterministic models to address
this issue, they often involve high computational cost with O(n?) complexity. This paper introduces a new
engineering approach that is lightweight and efficient. Specifically, the method uses the L2 norm to directly
map each multi-dimensional data point into a one-dimensional scalar value. This value serves as a sorting
criterion and is stored in a dictionary data structure to deterministically extract K initial centroids. Experimental
evaluation shows that the proposed method completely eliminates variability, fixing the Adjusted Rand Index
(ARI) at stable values of 0.6345 for the Digits dataset and 0.7302 for the Iris dataset across all runs. These
results demonstrate that a practical data structure-based approach can achieve high reliability with very low

computational cost.

1 Introduction

Data clustering is one of the most fundamental and im-
portant problems in unsupervised machine learning and
data mining. Among existing clustering algorithms, the
K-Means algorithm [1, 2] remains the most widely used
method due to its simplicity, high computational effi-
ciency, and strong scalability [3]. The core mathematical
objective of K-Means is to partition a multi-dimensional
dataset into K distinct clusters by minimizing the Sum of
Squared Errors (SSE).

Despite its popularity and practical efficiency, the tra-
ditional K-Means algorithm is highly dependent on the
initialization of cluster centroids [4, 5]. If the initial cen-
troids are placed in sub-optimal positions, the algorithm
can easily become trapped in poor local optima. Conse-
quently, we obtain not only unstable clustering results, but
also empty clusters, increasing the number of iterations re-
quired for convergence, and computational resources [6].
Therefore, the problem of finding an optimal centroid ini-
tialization method has become a topic of great interest in
the research community for several decades.

One of the most well-known methods for centroid ini-
tialization is K-Means++ [7]. This algorithm uses a prob-
abilistic sampling mechanism proportional to the squared
distance (D? sampling). K-Means++ helps the initial
points to be more widely spread in the data space and pro-
vides a theoretical guarantee. However, it is still proba-
bilistic in nature and requires a sequential selection pro-
cess, leading to high computational cost when dealing
with very large-scale datasets. To completely eliminate
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randomness, researchers have shifted toward deterministic
initialization methods [8]. These techniques often rely on
the data structure. For example, the PCA-Part algorithm
partitions data along the direction of the principal compo-
nent with the largest variance [5, 9]. On the other hand, at
a more complex level, some studies apply highly sophisti-
cated approaches, such as graph-based density estimation
[3], or metaheuristic algorithms [10, 11]. These complex
models provide very high accuracy and an excellent ability
to avoid local optima.

The studies mentioned above indicate a gap between
practical computational efficiency and complex theoreti-
cal foundations. Most recent academic research tends to
rely heavily on metaheuristic algorithms or space-based
optimization models (e.g., density estimation or pairwise
distance computations with O(n*) complexity), which con-
sume a large amount of computational resources. In con-
trast, fast linear methods such as PCA-Part are often too
simple, as they only aggregate attributes without providing
strong geometric reasoning in a multi-dimensional space.
In practical software engineering and system development,
engineers seek algorithms that achieve high stability while
maintaining lightweight code, simple structure, and fast
execution.

To fill this gap, this study proposes a new initializa-
tion method for K-Means centroids. The novelty of this
method does not come from introducing a new mathemati-
cal foundation, but from an engineering approach. Specif-
ically, it directly transforms multi-dimensional data into
one-dimensional L2 keys through a dictionary structure to
extract representative center points. The proposed method
provides a practical, lightweight, and fully deterministic
initialization technique.
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Instead of computing the pairwise distance matrix be-
tween all data points, our technical solution directly maps
each multi-dimensional data point to a scalar value using
the L2 norm (Euclidean distance from the origin). This
representative value serves as a unique key to classify and
store each data point in a dictionary-based data structure.
This process creates a well-indexed list of records, ordered
deterministically according to their geometric magnitude.
Finally, by traversing this ordered data space to extract
representative points, the algorithm can accurately deter-
mine the initial centroid positions, providing strong stabil-
ity from the very first iteration.

The remainder of this paper is organized as follows.
Section 2 presents the background; whereas Section 3 de-
scribes the proposed method. Section 4 provides numeri-
cal examples. Finally, the conclusion is given.

2 Background and Preliminaries
2.1 Similarity of two data points

In machine learning and data clustering, determining the
similarity between observations is a key factor for group-
ing. This similarity is usually evaluated through the L2
distance as follows.

L2 Distance (Euclidean Distance): This is the most
common measure to determine the relative distance be-
tween two data points x and y in a d-dimensional space.
Computing the L2 distance for all pairs of points requires
a distance matrix with complexity O(n?). The L2 distance
between two points is defined as follows.

dx,y) =[x -yl = ey

In traditional clustering algorithms, this measure is
typically used in the step of assigning data points to the
nearest centroid.

L2 Norm: In contrast to the relative distance between
two points, the L2 norm of a data point X represents its
geometric magnitude (Euclidean distance) from the origin
(0,0,...,0). The L2 norm is defined as follows.

(@)

The L2 norm plays a central role in the proposed en-
gineering approach. Instead of computing the expensive
O(n?) distance matrix, the L2 norm allows each multi-
dimensional data point to be independently mapped to a
single scalar value with only O(n) complexity. This scalar
value is then used as a geometric key for classification and
extraction of representative center points.

2.2 K-Means Algorithm

K-Means is the most widely used partition-based clus-
tering algorithm, with the objective of dividing a dataset
X into K clusters such that the Within-Cluster Sum of

Squared Errors (SSE) is minimized. The objective func-
tion is defined as Eq. (3).

K
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The standard K-Means algorithm operates based on a
greedy iterative strategy as follows.

Step 1 (Initialization):
Randomly select K data points from the dataset as the ini-
tial centroids (e.g., Forgy/Random method).

Step 2 (Cluster Assignment):
For each data point x € X, compute the L2 distance to
all K current centroids. Assign X to the cluster with the
nearest centroid.

Step 3 (Centroid Update):
Recompute the centroid y; of each cluster by taking the
mean of all data points assigned to that cluster in Step 2.

Step 4 (Convergence Check):
Repeat Step 2 and Step 3 iteratively. The algorithm stops
when the centroids no longer change between two consec-
utive iterations, or when a predefined maximum number
of iterations is reached.

3 The proposed algorithm

The proposed algorithm is carried out step-by-step as fol-
lows.

Step 1: Space Mapping via L2 Norm
The algorithm scans the dataset X = {x;,X;,...,X,} only
once. For each data point x; in a d-dimensional space, we
computes its L2 norm to produce a scalar value k; as Eq.
.
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Here, k; serves as a unique geometric signature repre-
senting the spatial characteristics of x;. This operation is
fully independent for each point, resulting in a lightweight
computational complexity of O(n).

Step 2: Dictionary Indexing
The scalar value k; is then used as a key to store the corre-
sponding multi-dimensional data point x; into a dictionary
data structure. This structure systematically organizes and
orders the entire dataset according to a one-dimensional
geometric magnitude in a fully deterministic manner.

Step 3: Deterministic Centroid Extraction
Based on the structured key space {k;} in the dictionary,
the algorithm divides this ordered list into K representative
partitions. By traversing these partitions, it directly ex-
tracts K center data points to serve as initialization seeds.
Due to the clear separation provided by the L2 keys, the
positions of these K centroids are fixed and consistent
across different runs.

Step 4: Clustering Optimization
Using the high-quality initialized centroids, the algorithm
proceeds with the standard K-Means process. In this step,
each data point is assigned to the nearest centroid u,., and
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the centroids are iteratively updated until the SSE con-
verges. Since the initial positions are geometrically well-
distributed through the L2-based dictionary structure, the
algorithm avoids many unnecessary iterations, leading to
significant savings in overall clustering time (Clustering
Time and Total Time).

4 Numerical result

To evaluate the performance of our proposed method, ex-
periments are conducted on two standard datasets: Iris
(simple, low-dimensional) and Digits (complex, high-
dimensional). The main evaluation metrics include the
Adjusted Rand Index (ARI) to measure clustering accu-
racy, along with Clustering Time and Total Time to assess
computational efficiency. The algorithm is executed 10 in-
dependent runs to evaluate its stability.

4.1 Analysis on the Iris Dataset

The Iris dataset consists of 150 samples with 3 natural
clusters. Due to its relatively simple structure, the tradi-
tional K-Means algorithm achieves reasonably good re-
sults but still shows instability. Based on the statistical
results in Table 1, the original random K-Means records
ARI values ranging from 0.7163 to 0.7302 over 10 runs,
with an average of 0.7233. This variation indicates that
random initialization may lead the algorithm to different
local optima. In contrast, the proposed algorithm demon-
strates perfect stability. The ARI consistently reaches the
value of 0.7302 in 100% of the runs. In terms of compu-
tational time, the average total execution time of the pro-
posed method (0.1443s) is comparable, and slightly better,
than the random method (0.1454s). This result shows that
the L2 norm mapping technique is highly efficient for low-
dimensional data.

4.2 Analysis on the Digits Dataset

Digits Dataset

pon2

Figure 1. Ground truth of original digits after PCA

The difference in stability becomes most evident on the
Digits dataset, which consists of high-dimensional hand-
written digit images divided into 10 clusters. For the ran-
dom K-Means algorithm, the ARI in Table 2 shows a very
large variation. The minimum drops to 0.5633 while the
maximum reaches 0.7314 (with an average of 0.6474).

8. New K-Means Clustering on Digits
ARI=0.6345; Clustering time=0.0066; Total Time=0.0206

Figure 2. Clustering visualization of Digits using the proposed
method

This high variability forces practitioners to run the algo-
rithm multiple times in order to select the result with the
lowest SSE. By applying the proposed engineering ap-
proach, the algorithm once again achieves full determin-
ism, fixing the ARI at 0.6345 across all runs. Although
this value is lower than the best random case (0.7314), it
is obtained consistently from the very first execution. In
terms of computational cost, the clustering time of the pro-
posed method (approximately 0.0049s—0.0066s) remains
competitive with random K-Means. The average total time
is slightly higher (0.1612s compared to 0.1490s). This dif-
ference of about 0.012 seconds corresponds to the cost of
the L2 distance computation and dictionary storage opera-
tions. However, this trade-off is reasonable and more ben-
eficial than running the random algorithm many times to
obtain a stable result.

5 Conclusion

This study has demonstrated the feasibility of the engi-
neering approach based on L2 distance mapping for K-
Means centroid initialization. By transforming multi-
dimensional data into scalar values used as keys in a dic-
tionary structure, the algorithm organizes the spatial or-
der of the data in a fully deterministic way with only O(n)
time complexity. With a negligible additional cost of a few
milliseconds, the method completely removes randomness
and achieves stable ARI values on both the Iris and Dig-
its datasets from the first iteration. However, the proposed
method still has some limitations. From a mathematical
perspective, the L2 norm does not capture the direction of
vectors, which may lead to the issue of “distance duplica-
tion” for data points located on the same hypersphere. As a
result, although the ARI is stable, it may be lower than the
best possible values. For future work, this approach has
strong potential for further evaluation on noisy datasets,
large-scale data (Big Data), and integration as an initial-
ization step for more advanced clustering algorithms.
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