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Anincremental weighted average based online sequential extreme learning
machine algorithm

ZHANG Ming-yang®, WEN Ying-you, YANG Xiao-tao, ZHAO Hong

(1. School of Computer Science and Engineering, Northeastern University, Shenyang 110819, China; 2. State Key
Laboratory of Software Architecture, Neusoft Corporation, Shenyang 110179, China)

Abstract: Considering the problem that online sequential extreme learning machine(OS-ELM) has low efficiency and
accuracy when processing incremental data, an online sequential extreme learning machine algorithm based on incremental
weighted average(WOS-ELM) is proposed. The principle of this algorithm is weighting model residuals trained with
raw data and ones trained with incremental data, using the function got as the cost function of this algorithm, deducing
a training model which is able to balance raw data and incremental data, and using raw data to weaken the fluctuation of
incremental data. With this principle, the algorithm can raise stability, learning efficiency and accuracy of the OS-ELM.
The result of a simulation experiment shows that the proposed algorithm has a higher predicting accuracy and better
ability of generalization compared with other algorithms.

Keywords: single-hidden layer feedforward neural networks; online sequential extreme learning machine; weighted
average; incremental; cost function
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