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Area prediction of cyanobacterial blooms based on
three machine learning methods in Taihu Lake
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WU Zhiyong’, XUE Tao', JIANG Yuemei'
(1. Bureau of Hydrology Information Center of Taihu Basin Authority, Shanghai 200434 , China;
2. College of Hydrology and Water Resources, Hohai University, Nanjing 210098, China)

Abstract ; Based on atmospheric-hydrological data and satellite remote sensing data from 2014 to 2018, the support
vector machine (SVM) , long short-term memory model (LSTM) , extreme gradient boosting ( XGBoost) model
were applied to predict the cyanobacterial bloom area in fields including the whole region, Gonghu Bay, southern
coastal region and central north-western region of Taihu Lake. The results demonstrated that the XGBoost regression
model had better accuracy than SVM and LSTM regression model in the whole region and subdivided regions.
Compared with the observed cyanobacterial bloom area, simulated areas of SVM regression model and XGBoost
regression model were lower in the Taihu Lake under different time scales, while the development tendency of
cyanobacterial blooms was effectively simulated. In addition, the XGBoost classification model had better accuracy
than SVM and LSTM classification model for the whole region and the central north-western region of Taihu Lake.
Three classification models had high accuracy in the Gonghu Bay and the southern coastal region of Taihu Lake.
Finally, taking the atmospheric-hydrological data and water quality data of the same day and one day advanced as
model inputs, the XGBoost regression model has high accuracy and robustness in cyanobacterial bloom area
simulation, which had a promising application prospect for the cyanobacterial bloom prediction.

Key words: machine learning; cyanobacterial bloom simulation; support vector machine ; long short-term memory
model ; extreme gradient boosting model; Taihu Lake
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Table 1 Pearson relative coefficient between cyanobacterial bloom area and

factors including meteorological, hydrological and water quality factors
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Table 2 Evaluation results of three machine-learning regression methods
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Fig.2 Training set and verification set simulations of cyanobacterial bloom area with SVM regression model in Taihu Lake
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Fig.3 Training set and verification set simulations of cyanobacterial bloom area with

LSTM regression model in Taihu Lake
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Fig.4 Training set and verification set simulations of cyanobacterial bloom area with
XGBoost regression model in Taihu Lake
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Table 3 Evaluation results of three machine-learning classification methods
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Fig.5 Verification of cyanobacterial bloom areas with SVM, LSTM and XGBoost classification models in Taihu Lake
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