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Abstract: In recent years, Qiandaohu Reservoir has suffered from abnormal growth of algae. Short-term forecasting models of algal
blooms driven by data can be built to predict the temporal variation of chlorophyll-a (Chla) concentration in some concern water. It is
considered effective to deal with potential bloom risks. NARX (nonlinear autoregressive with external input) neural network has a
competitive advantage in predicting the dynamic characteristics of non-stationary time series. In this paper, a high-frequency monitoring
buoy dataset of Xiaojinshan Station, a state-controlled section in Qiandaohu Reservoir from 2016 to 2019 was handled with vertical
integration and missing value interpolation. An algal bloom forecasting model based on NARX neural network was then built to predict
the temporal variations of Chla over the next 0.5-7 days. To drive the model, Chla concentrations from the first 3 and 7 days were used as
initial inputs, respectively. Parameters settings, trainings and evaluations were discussed, and model performance was analyzed according
to different foreseeable periods. The results showed that: (1) The performance of the model was steady. The correlation coefficients
between prediction and observation reached 0.8-0.9, and the corresponding mean square error values were 15-30. (2) In the 0.5-4 days of
forecasting, the model using the first 3-day Chla concentration as the initial input had higher accuracy, while the model using the first
7-day chlorophyll concentration as initial input showed better precision in the forecast for days 4.5-7. It is therefore recommended to us
models with different inputs for different forecast periods. The model contributed to provide a methodology for a bloom early warning

system driven by data.
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Fig.1 Qiandaohu Reservoir and location of

state-controlled sections
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