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Recent Trends in the Application of Extreme Learning Machines for

Online Time Series Data
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Abstract

Extreme learning machines (ELMs) are a major analytical method in various prediction fields. ELMs can accurately
predict even if the data contains noise or is nonlinear by learning the complex patterns of time series data through
optimal learning. This study presents the recent trends of machine learning models that are mainly studied as tools
for analyzing online time series data, along with the application characteristics using existing algorithms. In order to
efficiently learn large-scale online data that is continuously and explosively generated, it is necessary to have a learning
technology that can perform well even in properties that can evolve in various ways. Therefore, this study examines
a comprehensive overview of the latest machine learning models applied to big data in the field of time series prediction,
discusses the general characteristics of the latest models that learn online data, which is one of the major challenges
of machine learning for big data, and how efficiently they can learn and use online time series data for prediction,
and proposes alternatives.
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