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Summary of research on SMOTE oversampling and
its improved algorithms

SHI Hongbo, CHEN Yuwen, CHEN Xin

(School of Information, Shanxi University of Finance and Economics, Taiyuan, Shanxi, 030031)

Abstract: In recent years, the problem of imbalanced classification has received considerable attention. The synthetic
minority oversampling technique (SMOTE), a popular method for improving the classification performance of imbal-
anced data, adds generated minority samples to change the distribution of imbalanced data sets. In this paper, we first
describe the fundamentals, algorithms, and existing problems of SMOTE. Then, with respect to the existing problems of
SMOTE, we introduce related research on four types of extension methods and three types of applications. Finally, to
provide valuable reference information for the research and application of SMOTE, we analyze the existing difficulties
of applying SMOTE to big data, streaming data, a small amount of label data, and other types of data.
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Fig.1 The interpolation illustration of SMOTE algorithm
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Table 1 The improved SMOTE algorithms
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Table 2 Methods combining undersampling with SMOTE
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Fig. 2 The improved SMOTE methods for different applications
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