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Abstract Dynamic data stream analysis has become a research focus for its widespread application prospects,and online
learning method is key to solve this problem. Among existing online learning methods, online sequential extreme lear-
ning machine (OSELM) is a novel and practical online learning algorithm.and it has been successfully applied in the
field of dynamic data stream analysis. Firstly,the theoretical foundation and the execution process of OSELM were re-
viewed. Then,regarding dynamic data flow analysis as the application background, this paper classified and summarized
different kinds of improved OSELM algorithms, including the sliding window based OSELM, forgetting factor based
OSELM, sample weighting based OSELM and other methods. This paper focused on the design ideas and implementa-

tion strategies of different kinds of algorithms.compared and analyzed the advantages and disadvantages of main algo-

rithms. Finally, the possible works for future research were presented.
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