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Abstract: Cyanobacterial blooms pose a global environmental challenge, threatening lake ecosystem security and drinking water
safety, making timely prediction of their outbreaks critical for implementing preventive measures and reducing associated risks.
To address the limitations of conventional mechanism-driven models, which often require numerous parameters and involve high

computational complexity, this study developed a machine learning framework integrating multi-source in-situ monitoring and
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remote sensing data for Lake Chaohu. By combining multi-site meteorological and water quality measurements with satellite-
derived time series, we investigated the temporal cumulative effects of meteorological and water quality variables on bloom
dynamics. Based on the Random Forest (RF) algorithm, two forecasting models were constructed: one incorporating temporally
cumulative variables and the other using only same-day observations, both aimed at predicting bloom coverage area 1-7 days (d)
in advance. Furthermore, SHapley Additive exPlanations (SHAP) analysis was employed to interpret the model's decision-making
process, revealing feature contributions and nonlinear threshold effects. The results indicate that: (1) meteorological variables (air
temperature, humidity, precipitation, and air pressure) exhibited longer cumulative effect durations (15~30 days) than water
quality variables (nitrogen, phosphorus, and dissolved oxygen (1~10 days)); (2) cumulative-variable models achieved higher
prediction accuracy (R? = 0.7~0.8) compared to single-day variable models (R? = 0.4~0.6), with the best performance observed
for 1-day ahead forecasts (R?= 0.79, RMSE = 35.36 km?); (3) critical thresholds were identified for average temperature (> 23°C),
maximum wind speed (< 4 m/s), precipitation (> 200 mm), nitrogen-phosphorus ratio (< 15), pH (> 8.5), and dissolved oxygen
(< 8.9 mg/L). The proposed approach enables high-accuracy short-term forecasting of cyanobacterial blooms using multi-station
monitoring data, offering a transferable decision-support framework for the management of eutrophic lakes.
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Table 1. Optimal accumulation time windows for environmental variables and corresponding correlation coefficients.

FSuEd - f(S)] (6)

1 d it 3 d itk 7 d Fidh
etk BRI KA (D r e BRI K (D r e BRI K (D r

pH 25 0.64%* 25 0.61%* 20 0.60%*
WA 10 —0.62%* 10 —0.60%* 5 —0.52%*
ST 10 0.45%* 5 0.44%* 5 0.41%*
BA 5 0.47** 5 0.46%* 1 0.44%*
AWELL 10 —0.68%* 5 —0.66%* 5 —0.61%*
SRR 30 0.66** 20 0.65%* 20 0.64%*
R U 30 0.66** 20 0.64%* 20 0.63%*
R 30 0.66** 20 0.65%* 20 0.63%*
AR L 20 0.36%* 15 0.32% 15 0.29%
45 X 1 —0.08* 1 0.07* 1 0.07*
iSO NBL 1 —0.43%* 1 —0.21%* 1 —0.12%*
H R 2 30 0.18** 30 0.19%* 25 0.19%*
I T 30 0.34%* 30 0.32%* 30 0.31%*
R 30 —0.61%* 30 —0.61%* 30 —0.59%*

DR RE r v, =Rz a7 B F R (p<0.0D), *FRiZHNEN T H™ 1 RERL (p<0.05).
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Fig. 4. Correlation patterns between environmental variables and cyanobacterial bloom area under different temporal accumulation
lengths (solid markers indicate statistically significant relationships (p < 0.05), hollow markers denote non-significant correlations. Pink

shading marks the optimal cumulative time position for each environmental variable).
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Tab.3. Optimal variable combinations for different forecast lead times.
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Tab.4 Accuracy of training and validation sets for different forecast lead times.
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