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Abstract

In order to better realize the utilization of water resources, a water quality prediction model
based on XGBoost is proposed in view of the problems existing in the current research on water
quality prediction, such as complex characteristic parameters, poor precision and fitness of a sin-
gle model prediction model, etc. Firstly, the principal component analysis method is used to select
features, reduce problem complexity and computational costs, and fill in missing values in the da-
ta. Secondly, the sparrow search algorithm (SSA) is used to optimize the parameters in the XGBoost
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model, and the optimized parameters are used to predict water quality. Finally, water quality was
predicted under different experimental conditions, and the experimental results showed that the
SSA-XGBoost method proposed in this paper has better performance compared to existing me-
thods.
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Figure 1. Model flowchart
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Figure 4. RMSE under different data volumes
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