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Prediction of eutrophication in Chaohu Lake based on deep learning
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Ministry, Wuhan 430010, Hubei China; 3 Hubei Key Laboratory of Intelligent Monitoring and Early Warning of Aquatic
Ecology for Watershed Protection, Wuhan 430010, Hubei China)

Abstract As a pivotal freshwater lake in China, Chaohu Lake has persistently grappled with severe water pollution and
eutrophication issues. Drawing upon water quality data spanning from 2014 to 2021, three models—CNN, LSTM, and
CNN-LSTM—were utilized to forecast and contrast the trophic level index (TLI) of Chaohu Lake, with the objective of
unraveling its spatiotemporal evolutionary dynamics. The findings reveal that the CNN-LSTM hybrid model exhibits the
highest predictive efficacy (R’=0.8054) , making it apt for water quality prediction in intricate aquatic settings. The
eutrophication condition of Chaohu Lake manifests a spatial differentiation trend characterized by "the northwestern lake
region>the central lake region>the eastern lake region." The northwestern area continues to be in a state of moderate
eutrophication, although certain zones exhibit signs of improvement. Over the prediction period from 2022 to 2030, the
TLI values across the lake are predominantly lower than historical benchmarks, implying that the prevailing watershed
management initiatives have yielded tangible positive outcomes. These discoveries clarify the spatiotemporal differentiation
patterns of eutrophication in Chaohu Lake, offering crucial insights for optimizing watershed management protocols and
enhancing precise and effective prevention and control strategies.
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