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Abstract In view of the shortcomings of the traditional hydrological trend prediction using neural networks and other tools, the
results are not interpretable and so on. This paper proposes a method of hydrological trend prediction based on machine learning
algorithms, which aims to use the XGBOOST machine learning algorithm to establish a similarity mapping model for each hydro-
logical feature between the reference period and the hydrological prediction period,thus,the most similar sequence to the hydro-
logical trend in the foreseeing period is matched in the historical hydrological time series,so as to achieve the purpose of hydro-
logical trend prediction. In order to prove the efficiency and feasibility of the proposed method, it was verified with the Taihu
hydrological time series data as the object. The analysis results show that the multi-variable hydrological time series trend simila-

rity analysis based on machine learning can meet therequirements of dispatchers for the prediction effect of future hydrological

trends.
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Fig. 1 Time series sample selection
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Fig. 2 Learning curve of XGBoost model
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