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Abstract
To address the limitations of the K-means clustering algorithm, we propose an
improved K-means to enhance algorithmic performance. The simplified silhou-
ette coefficient is employed as an evaluation criterion to determine the k value
in the K-means algorithm, while K-means++ is utilized to complete the selec-
tion of initial centroids. After establishing the k value and initial centroids,
morphological similarity distance is adopted as the similarity measurement met-
ric to assign data points to clusters formed by the nearest centroids. Finally,
the average silhouette coefficient is calculated to determine the appropriate k
value, and algorithm parallelization is implemented on Spark. Experimental
results on four standard datasets across three dimensions—accuracy, execution
time, and speedup ratio—demonstrate that the improved K-means algorithm
not only enhances clustering partition quality and reduces computational time
compared to the traditional K-means algorithm and SKDK-means algorithm,
but also exhibits excellent parallel performance in multi-node cluster environ-
ments. Analysis of the experimental results reveals that the proposed improved
algorithm can effectively enhance execution efficiency and parallel computing
capability.
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Abstract: To address the deficiencies of the K-means clustering algorithm, this
paper proposes an improved K-means algorithm to enhance performance. The
simplified silhouette coefficient is employed as an evaluation metric to determine
the optimal k value in K-means, while K-means++ is adopted for selecting ini-
tial centroids. After determining the k value and initial centroids, morphology
similarity distance (MSD) is used as the similarity measure to assign data points
to the nearest centroid’s cluster. Finally, the average silhouette coefficient is
calculated to determine the appropriate k value, and the algorithm is paral-
lelized on Spark. Experiments on four standard datasets demonstrate that the
improved K-means algorithm not only enhances clustering quality and reduces
computation time compared with traditional K-means and SKDK-means algo-
rithms, but also exhibits excellent parallel performance in multi-node cluster
environments. The results confirm that the proposed improvements effectively
enhance algorithm execution efficiency and parallel computing capability.

Keywords: clustering algorithm; simplified silhouette coefficient; morphology
similarity distance; similarity measurement

0 Introduction
Clustering analysis represents a crucial research topic in data mining and serves
as a primary task for exploring data patterns, with widespread applications
across multiple domains including image processing [?], information retrieval
[?], and text mining [?]. The K-means algorithm is widely used in clustering
analysis, yet it suffers from two major limitations: the uncertainty of the k value
leads to deviations between actual and ideal results after each iteration [?], and
the arbitrary selection of initial points causes instability, resulting in significant
errors in the final clustering outcomes.

With the exponential growth of data, parallel computing frameworks such as
MapReduce and Spark have gained prominence. MapReduce is ill-suited for it-
erative computations because intermediate results are stored on disk, requiring
repeated read/write operations on the Hadoop Distributed File System (HDFS)
that incur high I/O overhead and time consumption [?]. Spark overcomes these
limitations by providing an in-memory distributed framework that stores inter-
mediate results in memory and offers fast startup speeds. In this era of big data,
numerous scholars have proposed various Spark-based improved algorithms. Xu
et al. [?] utilized the Canopy algorithm to determine cluster numbers and se-
lected initial points using maximum-minimum distance, though Canopy requires
pre-setting thresholds T1 and T2, making results highly sensitive to these param-
eters. Deng et al. proposed an improved K-means algorithm based on minimum
criterion functions, determining k initial centers through i sampling iterations
[?]. Song et al. [?] presented a parallel algorithm employing kd-trees for initial
point selection and nearest neighbor searches to reduce distance calculations and
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accelerate clustering for massive datasets. While the latter two works focused on
improving initial point selection, the k value remained uncertain—yet selecting
an appropriate k value critically impacts clustering accuracy. Therefore, this
paper adopts the simplified silhouette method as a validity assessment approach
to determine the optimal number of clusters k. To address the random initial-
ization issue in K-means, Arthur et al. proposed the K-means++ algorithm [?],
which automatically obtains k initial points, avoids instability from random se-
lection, and accelerates convergence. This paper incorporates K-means++ to
enhance algorithm performance.

Building upon these concepts, this paper proposes an improved K-means algo-
rithm with parallel implementation on Spark to accelerate convergence, improve
accuracy, and achieve faster processing times for large-scale datasets while ob-
taining superior clustering results. Standard UCI datasets are used to demon-
strate the enhanced performance of the improved algorithm.

1.1 Spark Framework
Apache Spark is an open-source distributed framework for large-scale data clus-
tering that provides excellent features including data parallelism and high fault
tolerance, along with simple programming interfaces for Python, Java, and Scala
[?]. Spark’s abstraction of Resilient Distributed Datasets (RDDs) enables effi-
cient handling of iterative tasks. RDDs are read-only datasets in a cluster that
can be created either from files stored in external systems such as HDFS or
derived from other RDDs. RDD operations are divided into two types: trans-
formations, which create new datasets from existing ones, and actions, which
return computation results to the Driver program. This programming model is
illustrated in [Figure 1: see original paper].

Spark’s cluster architecture follows a master-slave model, consisting of one Mas-
ter node and multiple Slave nodes. The Master node is responsible for task allo-
cation, scheduling, and monitoring across the cluster, while Slave nodes execute
Worker tasks, primarily handling computations and generating status reports.
Spark supports various deployment modes including standalone, cluster, YARN,
and Mesos.

The mathematical foundations for the proposed algorithm are defined as follows:

Definition 1 (Simplified Silhouette Method) [?]:
The simplified silhouette coefficient measures clustering validity using distances
to cluster centers rather than average distances to all points as in the original
silhouette method, thereby reducing computation time while yielding better
results across different K values. For a data point 𝑖, let 𝑎(𝑖) denote its Euclidean
distance to its cluster center, and 𝑏(𝑖) denote the minimum distance from point
𝑖 to other cluster centers. The simplified silhouette value 𝑠(𝑖) is calculated as:

𝑠(𝑖) = 𝑏(𝑖) − 𝑎(𝑖)
max{𝑎(𝑖), 𝑏(𝑖)}
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The average simplified silhouette value 𝑠𝑠 for dataset 𝐷 containing 𝑛 points is:

𝑠𝑠 = 1
𝑛

𝑛
∑
𝑖=1

𝑠(𝑖)

The value ranges from -1 to 1, where -1 indicates poor clustering and 1 indicates
excellent clustering. Therefore, k values producing 𝑠𝑠 closest to 1 should be
selected.

Definition 2 (Minkowski Distance):
For two vectors 𝑋𝑗 and 𝑌𝑘 with dimensionality 𝑚, the Minkowski distance is:

𝐷𝑗𝑘 = (
𝑚

∑
𝑖=1

|𝑋𝑗𝑖 − 𝑌𝑘𝑖|𝑝)
1/𝑝

where 𝑋𝑗𝑖 and 𝑌𝑘𝑖 represent the 𝑖-th attribute values of vectors 𝑗 and 𝑘, respec-
tively. When 𝑝 = 1, this becomes Manhattan distance; when 𝑝 = 2, it becomes
Euclidean distance.

Definition 3 (Morphology Similarity Distance, MSD) [?]:
MSD combines attribute difference and spatial distance:

𝑀𝑆𝐷 = 2 × 𝐸𝐷 × 𝐴𝑆𝐷
𝐸𝐷 + 𝐴𝑆𝐷

where 𝐸𝐷 represents Euclidean distance and 𝐴𝑆𝐷 (Absolute Sum of Differences)
is defined as:

𝐴𝑆𝐷 =
𝑚

∑
𝑖=1

|𝑋𝑗𝑖 − 𝑌𝑘𝑖|

If all attribute differences are simultaneously greater than or smaller than the
mean values, 𝐴𝑆𝐷 reduces to Manhattan distance. Table 1 demonstrates dis-
tance calculations between vectors, showing that when 𝐴𝑆𝐷/𝑆𝐴𝐷 = 1 (i.e.,
𝐴𝑆𝐷 equals Manhattan distance), 𝑀𝑆𝐷 becomes equivalent to Euclidean dis-
tance.

1.2 K-means++ Algorithm
K-means++ is a clustering algorithm for selecting initial centroids in K-means,
first proposed by David Arthur and Sergei Vassilvitskii in 2007 [?]. It addresses
the limitations of random initialization in traditional K-means and serves as
an improvement that enhances stability and convergence speed. The algorithm
flow is shown in [Figure 2: see original paper].
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The specific procedure is as follows: 1. Randomly select one point from the
dataset as the first centroid. 2. For each sample point 𝑥 in the dataset, compute
its shortest distance 𝐷(𝑥) to the currently selected centroids. 3. Select a new
point as the next centroid with probability proportional to 𝐷(𝑥)2, where points
with larger 𝐷(𝑥) have higher selection probability. 4. Repeat steps 2-3 until 𝑘
centroids are selected.

2.1 Improved K-means Algorithm
The proposed improved K-means clustering algorithm aims to enhance accuracy
and accelerate convergence. The core idea involves: first presetting a 𝑘 value
and obtaining 𝑘 initial centroids through K-means++; then iteratively assigning
all data points to the nearest cluster using MSD distance; recomputing cluster
centroids based on assigned points; repeating until centroids stabilize; and finally
calculating simplified silhouette coefficients across different 𝑘 values to determine
the optimal cluster number and corresponding clustering results.

2.2 Parallel Implementation of Improved K-means on Spark
To effectively enhance parallel computing capability, this paper proposes a
Spark-based improved K-means algorithm centered around“map”and“reduce”
operations, with the workflow illustrated in [Figure 3: see original paper]. Dur-
ing parallelization, each partition corresponds to a pair of map and reduce op-
erations that execute simultaneously without interference. The mapPartition
operator assigns data points in each partition to their nearest cluster centers,
with each map operation completing in parallel. The reduceByKey operator
merges data points belonging to the same cluster across all partitions and up-
dates cluster centers, with the reduce process also executing in parallel. Each
iteration performs multiple concurrent map-reduce operations, and the final clus-
tering result is determined by comparing simplified silhouette coefficients across
different 𝑘 values.

[Figure 4: see original paper] illustrates the three-phase architecture of the
Spark-based improved K-means algorithm: data partitioning, aggregation, and
validation.

Phase 1: Data Partitioning
a) Prepare the Spark environment for in-memory computation, storing interme-
diate results in memory without disk output.
b) Read data from HDFS into memory as RDDs.
c) Convert data to dense format, split into partitions, and transform into
<key,value> pairs. These partitioned data are distributed across compute
nodes, with mapPartition assigning each node’s data slices to different clus-
ter centers. cache() enables data persistence in memory, where each partition
constitutes an RDD.

Phase 2: Aggregation
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This phase comprises steps 4-8. The 𝑘 value is manually set and broadcast
to all partitions. Using the proposed MSD distance metric, data points are
assigned to clusters formed by their nearest centroids. The reduceByKey opera-
tor then aggregates points with identical centerId in <centerId,pointList>
pairs to form new partitions, counts points per cluster, and updates cluster cen-
ters. Iteration continues if the current iteration count is below the maximum
threshold and centroids have not converged; otherwise, the aggregation process
terminates.

Phase 3: Validation
Step 9 computes the average simplified silhouette value for the entire dataset as
the evaluation metric for K-means validity to select the appropriate 𝑘 value.

3 Experimental Results and Analysis
The improved K-means algorithm was implemented on a Spark distributed clus-
ter consisting of one master node and three slave nodes. Each machine was
configured with a dual-core 2.5 GHz CPU, 4 GB RAM, and 500 GB hard disk,
running 64-bit Ubuntu 16.04. The test datasets—Iris, Wine, Glass, and Flame
—were downloaded from the UCI repository, with details shown in Table 2 .

a) Accuracy
Since each dataset record has a corresponding class label, accuracy is defined
as the ratio of correctly clustered points to total sample points, reflecting algo-
rithmic precision. [Figure 5: see original paper] compares the accuracy of the
improved K-means algorithm against traditional K-means and the algorithm
from reference [8] across four datasets in a standalone environment. The re-
sults show significant accuracy improvements for the enhanced algorithm on all
datasets, attributable to better 𝑘 value determination via simplified silhouette
coefficient, more stable initialization through K-means++, and effective point
assignment using MSD distance.

b) Runtime
Runtime evaluates algorithmic efficiency and determines execution speed. [Fig-
ure 6: see original paper] compares the execution times of the three algorithms
across different datasets. The parallelized improved algorithm demonstrates re-
duced time consumption due to fewer iterations and faster convergence, thereby
enhancing computational performance. The most time-consuming phase in-
volves computing MSD distances from all points to their cluster centers, with
runtime increasing as dataset size grows. [Figure 7: see original paper] shows the
improved algorithm’s runtime under varying node counts and dataset types,
revealing that execution time decreases and gradually stabilizes as nodes in-
crease, because inter-node communication overhead eventually offsets cluster
performance gains.

c) Speedup
Speedup ratio precisely measures parallel algorithm effectiveness by comparing
serial versus parallel execution times for the same task, calculated as 𝑅 = 𝑇𝑠/𝑇𝑝,
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where 𝑇𝑠 is serial runtime and 𝑇𝑝 is parallel runtime on an 𝑠-node cluster. Larger
𝑅 values indicate less parallel computation time and higher parallelism. [Fig-
ure 8: see original paper] demonstrates the improved algorithm’s speedup
across four datasets, showing that speedup increases with node count. Verti-
cally, larger datasets achieve higher speedup under identical node configurations.
When nodes increase, each node processes less data, reducing 𝑇𝑝 and increasing
speedup. Similarly, with fixed node counts, larger datasets increase serial time
𝑇𝑠, thereby improving parallelism. However, the speedup growth rate declines
as nodes increase, because the experimental data size is insufficient to exceed
single-node memory capacity, and inter-node communication overhead partially
negates performance gains from additional nodes.

In summary, comparative analysis of the improved K-means algorithm against
reference [8] and traditional K-means reveals significant performance improve-
ments in both runtime and accuracy. Speedup analysis confirms excellent par-
allel computing capability. Overall, the proposed algorithm demonstrates clear
superiority.

4 Conclusion
This paper proposes an improved K-means algorithm with parallel implemen-
tation on the Spark distributed computing framework. The algorithm employs
K-means++ to select 𝑘 initial centroids, uses MSD distance as the similarity
metric for cluster assignment, and determines the optimal 𝑘 value through sim-
plified silhouette coefficient analysis. Experimental results demonstrate that the
improved algorithm effectively enhances clustering accuracy, reduces runtime,
and exhibits strong parallel performance advantages in Spark cluster environ-
ments. The current study employs a small-scale cluster for modest data vol-
umes. Future research will expand cluster scale, further optimize algorithmic
parallelism, and validate robustness using larger-scale datasets.
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