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ABSTRACT

Algal bloom is an ongoing issue in the management of freshwater systems for drinking water supply, and the chlorophyll-&
concentration is commonly used to represent the status of algal bloom. Thus, the prediction of chlorophyll-a concentration
is essential for the proper management of water quality. However, the chlorophyll-a concentration is affected by various
water quality and environmental factors, so the prediction of its concentration is not an easy task. In recent years, many
advanced machine learning algorithms have increasingly been used for the development of surrogate models to prediction
the chlorophyll-a concentration in freshwater systems such as rivers or reservoirs. This study used a light gradient boosting
machine(LightGBM), a gradient boosting decision tree algorithm, to develop an ensemble machine learning model to
predict chlorophyll-a concentration. The field water quality data observed at Daecheong Lake, obtained from the real-time
water information system in Korea, were used for the development of the model. The data include temperature, pH,
electric conductivity, dissolved oxygen, total organic carbon, total nitrogen, total phosphorus, and chlorophyll-a. First,
a LightGBM model was developed to predict the chlorophyll-a concentration by using the other seven items as independent
input variables. Second, the time-lagged values of all the input variables were added as input variables to understand
the effect of time lag of input variables on model performance. The time lag (i) ranges from 1 to 50 days. The model
performance was evaluated using three indices, root mean squared error-observation standard deviation ration (RSR),
Nash-Sutcliffe coefficient of efficiency (NSE) and mean absolute error (MAE). The model showed the best performance
by adding a dataset with a one-day time lag (i=1) where RSR, NSE, and MAE were 0.359, 0.871 and 1.510, respectively.
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The improvement of model performance was observed when a dataset with a time lag up of about 15 days (i=15)

was added.

Key words: Ensemble machine learning, Gradient boosting decision tree(GBDT),

management, Water quality prediction
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Daecheong Dam

Keum River watershed

Fig. 1. Research site.

Table 1. Characteristics of input variables
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Fig. 2. A schematic of GBDT algorithm.
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Fig. 4. Evaluation of model simulation using different time
lags of Chl-a concentration.
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