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Review of Extreme Learning Machine

LU Si-yuan, LU Zhi-hai, WANG Shui-hua, ZHANG Yu-dong
(School of Computer Science and Technology, Nanjing Normal University, Nanjing 210023, China)

Abstract: Extreme learning machine ( ELM) is a novel training algorithm of single-hidden layer feedforward
network ( SLFN) . The training of ELM is extremely fast while obtaining good generalization ability. The devel-
opment of ELM is reviewed, the mathematical model of ELM is analyzed, the different improvements of ELM
are introduced, and the applications of ELM in pattern recognition, forecasting and medical diagnosis are listed.

Finally, several ways for improving ELM are summarized.
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