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National surface water quality classification evaluation based on SMOTE-GA-CatBoost method. XU Ling', JING Xiang-nan?,
YANG Ying®, LI Wei-hua’, LIU Yi-xin*, YAN Guo-bing® (1.School of Civil Engineering, City University of Hefei, Hefei 238076,
China; 2.School of Economics and Management, City University of Hefei, Hefei 238076, China; 3.School of Environment and
Energy Engineering, Anhui Jianzhu University, Hefei 230009, China; 4.School of Earthand Space Sciences, University of Science
and Technology of China, Hefei 230026, China; 5.Architectural & Civil Engineering Design Institute Co.Ltd HangZhou China, Hefei
230051, China). China Environmental Science, 2023,43(7): 3848~3856

Abstract: Aiming at the problems such as the high conflict of water pollution feature space and the imbalance of water quality
categories in surface water classification evaluation, Synthetic Minority Oversampling Technique (SMOTE) which was combined
with Genetic Algorithms (GA) and CatBoost model that used seven water quality indexes of surface water as water quality evaluation
factors were respectively employed to evaluate the water quality of major rivers and important lakes-reservoirs in the country. The
results were compared with the other four improved ensemble algorithms, which showed that the SMOTE pretreatment could
effectively enhance the imbalance of sample categories and increase the accuracy of CatBoost model for the classification of
minority water quality samples. The genetic algorithm parameters could effectively improve the convergence speed and classification
accuracy of CatBoost model and optimize the classification performance of the model. The SMOTE-GA-CatBoost model showed
higher performance of water quality classification compared with the other four improved integrated classification models. The
values of accuracy, precision, recall and Flof the SMOTE-GA-CatBoost model for river water quality classification reached 97.7%,
97.8%, 96.1% and 96.9%, respectively. The value of accuracy, precision, recall and Flfor water quality classification of
lakes-reservoirs water were 96.7%, 96.2%, 95.4% and 95.8%, respectively. The proposed model could be used to classify and
evaluate the water quality of different water areas.

Key words: surface water; water quality classification and evaluation; CatBoost; SMOTE; genetic algorithms
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Fig.2 Proportion of water quality categories in rivers and lakes—reservoirs
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Table 1 Combined weight of the surface water quality evaluation Index (%)
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Table 3  Analysis and comparison of different water quality classification evaluation methods
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Table 4 Correlation of water quality characteristic variables

TR
DO CODy, BODs NH;-N TP N F
RS
F 002 002 003 006 -002 0.02 1
TN  -032 038 026 061 0.1 1 0.02
TP -032 036 021  0.10 1 0.11  -0.02
NH;-N 031 037 027 1 0.10 061  0.06
BODs -026  0.67 1 027 021 026  0.03
CODy, -0.32 1 067 037 036 038  0.02
DO 1 -032 026 031 -032 -032 0.2
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Table 5 The optimal values of the main parameters of the five
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Fig.5 Comparison of water quality classification results with different models in rivers
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Table 6 Precision and recall of each classification model under different water quality categories (%)
" " o "
Iy IS JIES IIES IV VES EAAES HATNIY

R HInR ORR AR ORER AR OREE HInE ORHE A0 ORER AR REE HR
SMOTE-GA-CatBoost ~ 97.5 958 997 971 982 969 970 953 969 956 977 957 978 961

SMOTE-GA-RF 96.2 94.2 97.5 95.2 97.4 94.9 96.9 94.6 95.9 94.0 96.5 94.3 96.7 94.5
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