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Abstract: Starting from the current water pollution problem, this paper describes the seriousness of the current water
pollution problem as well as its harm, and explains the importance of constructing a water quality prediction model that
matches the pollution problem. And then analyzed the main sources of data errors in the construction of prediction
models. Since the water pollution problems in different basins have different degrees of differences, this paper proposes
three prediction models that have been researched more than others, namely, BP neural network prediction model, LSTM
(Long Short Memory Artificial Neural Network) prediction model, Random Forest Algorithm prediction model, and
elaborates on the advantages and the current development status of each model and compares them with each other and
explains the scope of water quality prediction model applicable to each model. The scope of each model is clarified. It
shows that water quality prediction model has an important role in monitoring water quality, different water pollution
basins matching water quality prediction model is not the same, a combination of multiple algorithms with each other to
derive the prediction model may have a better prediction effect, and finally puts forward the prospect of water quality
prediction modeling in the application of water pollution problems.
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