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Abstract

At the beginning of this paper, the specific property of neural networks and the significance of its
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application in algal bloom early-warning were introduced briefly. The research and application
status of neural network models in both prediction of algal biomass and algal bloom risk assess-
ment, as well as existing problems and improved methods in the model study were analyzed. The
future research direction was prospected in order to promote and deepen the study on algae
bloom early-warning model.
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