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ABSTRACT

The prediction of algal bloom is an important field of study in algal bloom management, and chlorophyll-a concentration(Chl-g)
is commonly used to represent the status of algal bloom. In, recent years advanced machine learning algorithms are
increasingly used for the prediction of algal bloom. In this study, XGBoost(XGB), an ensemble machine learning algorithm,
was used to develop a model to predict Chl-g in a reservoir. The daily observation of water quality data and climate
data was used for the training and testing of the model. In the first step of the study, the input variables were clustered
into two groups(low and high value groups) based on the observed value of water temperature(TEMP), total organic
carbon concentration(TOC), total nitrogen concentration(TN) and total phosphorus concentration(TP). For each of the
four water quality items, two XGB models were developed using only the data in each clustered group(Model 1). The
results were compared to the prediction of an XGB model developed by using the entire data before clustering(Model
2). The model performance was evaluated using three indices including root mean squared error-observation standard
deviation ratio(RSR). The model performance was improved using Model 1 for TEMP, TN, TP as the RSR of each model
was 0.503, 0.477 and 0.493, respectively, while the RSR of Model 2 was 0.521. On the other hand, Model 2 shows
better performance than Model 1 for TOC, where the RSR was 0.532. Explainable artificial intelligence(XAl) is an ongoing
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field of research in machine learmning study. Shapley value analysis, a novel XAl algorithm, was also used for the quantitative
interpretation of the XGB model performance developed in this study.

Key words: Ensemble machine learning, Explainable artificial intelligence, Machine learning, Water quality management,

Water quality prediction
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o}\/}ol artificial neural networks support
37| random forest(RF), gradient
boosting decision tree(GBDT) 5 T}F3t ensemble ™Al
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2016; Ma et al., 2018; Park et al., 2020; Park, 2021).
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Ao Are A7I1HA ASA T& AL o] £ regularization QR FAE FHTR()2(Eq. 1)

Table 1. Characteristics of input variables

Variables Average Standard deviation Max Min
TEMP(°C) 18.4 8.3 3.2 33.6
PH 8.1 0.8 6.6 10.4
EC(pS/cm) 152.4 17.3 72 220
DO(mg/L) 9.9 1.7 4.1 15.1
TOC(mg/L) 2.4 0.4 1.5 5
TN(mg/L) 1.5 0.4 0.1 3
TP(mg/L) 0.012 0.008 0 0.078
CHLA(mg/m?) 8.6 9.5 0.5 157.8
RAIN DUR(h) 2.4 5.1 0 133
RAINFALL(mm) 3.5 11.4 0 179.1
SUN_DUR(h) 6.9 4 0 13.9
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Fig. 2. A schematic of GBDT algorithm.
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Fig. 3. Distribution of clustered input water quality data used for the model training.
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Table 2. Characteristics of clustered input variables used for 3.2 Bsv=ZAn}
the model training
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entire data before clustering.
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Table 3. Model evaluation results

Model Variables MAE RMSE RSR

TEMP 1.960 4.168 0.503

TOC 2.328 4.407 0.532

Model 1

TN 1.990 3.954 0.477

TP 2.123 4.084 0.493

Model 2 - 2.201 4.315 0.521
BAEQth ®¥FH TOCL] 749 Model 19] MAE,

RMSE 9 RSRo] Z}z} 2328, 4407 4 0.532& Z+2}9]
3ol 225 Model 10] HAREE AHS-3F Model
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