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Review on K-means Clustering Algorithm

Wang Sen, Liu Chen, Xing Shuaijie
(School of Science, East China Jiaotong University, Nanchang 330013, China)

Abstract: Cluster analysis is an important technique for data mining. In the 5G era, massive data has high di-
mensions and large data sets. The K—means algorithm is susceptible to outliers, and the k value and the selection
of initial clustering centers affect the stability and accuracy of the clustering result. It even causes the clustering
to fall into the local optimum, so the improvement of the K—means algorithm has attracted the attention of many
researchers. This article mainly summarizes the current research status of K—means clustering. Firstly, it intro-
duces the principle of K—means algorithm. Secondly, according to the selection of the initial clustering center
point, the determination of the K value, and the outliers, the existing improved algorithms are classified and
summarized based on density and distance, and the advantages and disadvantages of each improved algorithm are
analyzed. Finally, the K—means algorithm is analyzed and prospects for possible future research directions and
trends are discussed.
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Tab.l1 Comparison of improved algorithms for selecting initial cluster centers

Improved algorithm Main idea

Advantage Shortcoming

Weighted local variance, weighted
maximum and minimum

WLV-K-means

KMS-GOSD

Global optimization

Improved algorithm
based on
dissimilarity matrix

Select the initial center according to
the maximum dissimilarity parameter
value

Mean dissimilarity reflects the
distribution of data points, and overall
dissimilarity is used as the judgment
condition

IK-DM

Improve clustering accuracy and
reduce the influence of noise

capabilities, higher accuracy and

Improved clustering accuracy

Improve the stability and accuracy
of the algorithm to avoid too dense

Increase the time complexity,
the optimal radius adjustment

points parameters 6 are different

Reduce algorithm complexity,

Increased algorithm time
complexity

enhance global exploration

stability

The point corresponding to the

maximum value is not unique,

and the initial center cannot be
selected reasonably

The execution speed is slow

. and takes a little longer
center points
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Tab.2 Comparison of improved algorithms for determining K value
Improved algorithm Main idea Advantage Shortcoming

The larger the IBWP value, the
better the clustering effect

Improve BWP index
based on sample density

Redefine local density, self-
determined by residual analysis

CNACS-K-means

The nature of the exponential
function, introducing paranoid
terms and weights

ET-SSE

Dimensional weighting based on
Euclidean distance, introducing
sample point weights and parameters

Improved Euclidean
distance algorithm based on
dimensionality weighting

Increase algorithm time
complexity

High clustering accuracy and
stability

Good accuracy on two—dimensional
and high—dimensional data sets,
and automatically determine the K
value

Poor clustering effect on sparse
data sets

The optimal weight value
cannot be determined and
needs to be adjusted based on
experiments

Solve "elbow point is not clear",
improve accuracy and reduce time
complexity

Running time is too long for
large data sets

Increase running speed and reduce
the number of iterations

*3
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Tab.3 Comparison of improved algorithms for screening outliers

Improved algorithm Main idea

Advantage Shortcoming

OFMMK-means

max min method

Outlier detection algorithm
based on distance to screen
outliers

Improved algorithm for outliers
based on distance

Fusion of LOF algorithm and

Improve clustering accuracy
and stability, reduce the
number of algorithm iterations

The value of the parameter
depends on the data set

Reduce the influence of
outliers, improve clustering
accuracy and stability

The effect is not obvious on
high—dimensional data sets
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