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Robust extreme learning machine algorithm based on imbalanced datasets

MENG Fan-rong, GAO Chun-xiao’, LIU Bing
(School of Computer Science & Technology, China University of Mining & Technology, Xuzhou Jiangsu 221116, China)

Abstract: ELM algorithm can achieve better classification results for balanced datasets. For the imbalanced datasets, it is u-
sually favor of the majority class and has lower class performance for a small number of samples. To solve this problem, this
paper proposed an ELM model ( ELM-CIL model) dealing with imbalanced dataset classification problems. The model was in
accordance with the principles of cost-sensitive learning that gave a greater penalty coefficient for the minority class sample. At
the same time, the introduction of fuzzy membership value reduced the impact of external noise points. The experiments show
that the proposed method is more obvious to improve minority class classification accuracy and has better robustness to noise

than traditional ELM algorithm.
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