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Fuzzy Classification of Unbalanced Big Data Based
on Boundary Condition GAN

YANG Lin', XU Hui-ying?s, MA Wen-long'

1. School of Information Engineering . Quzhou College of Technology . Quzhou Zhejiang 324000 , China ;
2. College of Mathematics and Computer Science , Zhejiang Normal University ., Jinhua Zhejiang 321004 , China

Abstract: Aiming at the imbalance problem in big data classification, an unbalanced big data fuzzy classifi-
cation algorithm based on boundary condition generative adversarial networks (BCGAN) has been pro-
posed. In this method, BCGAN oversampling method is proposed by introducing a boundary minority class
to oversampling near the decision boundary of majority class data and minority class data, generating more
appropriate minority class data to improve the classification performance. The processed balance data is
transformed into probability index table, and the data and attributes are presented in the form of row and
column respectively. The membership degree of the unique symbol in each data attribute is calculated, and
then the data category is obtained by means of the correlative fuzzy naive Bayes (CFNB) classifier. Then,
the parallel implementation of big data fuzzy classification in MapReduce framework is given. The experi-
mental results show that the accuracy of the proposed method is better than that of other existing meth-
ods, indicating the feasibility and effectiveness of the proposed method.

Key words: big data; imbalance; boundary condition generative adversarial network; correlative fuzzy
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