Computer Science and Application HE 1Rl 5 M, 2018, 8(5), 573-581 Hans X
Published Online May 2018 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2018.85065

Cluster Classification Algorithm Based
on Feature Entropy Weight

Dong Chen?, Yongbin Yu?!, Chenxi Yang?, Yindong Chen?, Nyima Tashi2

!School of Information and Software Engineering, University of Electronic Science and Technology of China,
Chengdu Sichuan
2College of Information and Technology, Tibet University, Lhasa Tibet

Email: 1040155788@qqg.com

Received: Apr. 12", 2018; accepted: Apr. 26", 2018; published: May 3", 2018

Abstract

Classification is a significant method in data mining. Most existing classification algorithms fail to
make full use of the distribution information of various types of data. This paper proposes a clus-
ter classification algorithm based on feature entropy weight. During the training, the information
entropy weights are used to represent the data distribution of different categories and characte-
ristics, and feature entropy weight vectors which can represent different data clusters can be ob-
tained. During the test, if the test set is not divided into clusters of different types, it will be clus-
tered according to the number of training clusters first. Then the feature entropy weight vectors of
the test clusters are calculated, and the categories to which the test clusters belong are found by
the cosine similarity. The experimental results show that the algorithm has high classification ac-
curacy for data sets with distinct differences in the distribution of different types of features, and
is more insensitive to abnormal data than existing classification algorithms. It can solve the prob-
lem that man-made labels are prone to errors to certain extent.
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Figure 1. Weight changes with location parameters
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Figure 2. Weight changes with range parameters
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Figure 3. Weight changes with the number of samples
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Figure 4. The Algorithm flow of cluster Classification Algorithm
Based on Feature Entropy Weight
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