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Unbalanced Big Data Classification Algorithm Based
on Whale Optimization and Deep Learning

SUN Er-hua', HU Yun-bing®

1. School of Information Engineering, Chongqing Real Estate College , Chongqing 401331, China;

2. College of Information Science and Technology . Xiamen University ., Xiamen Fujian 361005, China

Abstract: Aiming at the problems of low classification accuracy, which is easy to fall into local optimal
state in the current unbalanced data classification algorithm, an unbalanced big data classification algorithm
based on whale optimization and deep learning has been proposed. The algorithm consists of three parts:
feature selection, preprocessing and classification. Firstly, in order to improve the classification accuracy,
the whale optimization algorithm (WOA) has been used to find the optimal feature subset in the unbal-
anced data to eliminate the irrelevant and redundant features. Secondly, the locality sensitive hashing syn-
thetic minority oversampling technique (LSH-SMOTE) has been used to preprocess the dataset to solve
the class imbalance problem. And, finally, the bidirectional recurrent neural networks (BRNN) optimized
based on WOA algorithm been used to classify the preprocessed dataset. The experimental results show
that the proposed algorithm can effectively solve the classification problem of unbalanced data sets. Com-
pared with other algorithms, it has obvious advantages in classification accuracy and local optimal avoid-
ance rate.

Key words: unbalanced big data classification; whale optimization algorithm; deep learning; synthetic mi-

nority oversampling technique
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