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Assessment and Prediction of Water Quality in Mariculture Zone of

Xiangshan Harbor Based on Bayesian Network
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Abstract: Water quality assessment plays an important role in water environmental protection and manage-
ment. Traditional methods have some limitations in dealing with the uncertainty in assessment and massive
information. A Bayesian network model can effectively express and analyze uncertain problems and combine
qualitative analysis with quantitative analysis. Based on the mornitoring data for nearly ten years in Xiang-
shan harbor of Ningbo City, a Bayesian network model expressing the relationships and interactions between
different water quality indexes and water quality levels was constructed by Bayesian network approach. The
model structure indicated that ammonia nitrogen, COD, inorganic phosphorus, nitrate, and chlorophyll had
direct effects on water quality level, whereas there was an indirect causality between other water quality inde-
xes such as nitrite and inorganic nitrogen and water quality level. The results of the model validation using
200 monitoring data showed that the predictive precision reached 94. 8% and the Kappa was 0. 892, which
suggests the Bayesian network is feasible for assessment and prediction of water quality.
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C, G, Gy C, Cs Cs C, Cs Cy Cy Cy
C, 1.000 0 0 0 0 0 0 0 0 0 0 0
C, 0.119 8 1. 000 0 0 0 0 0 0 0 0 0 0
C, —0.3890 —0.5714 1.000 0 0 0 0 0 0 0 0 0
C, 0.256 2 0.409 4 —0.5103 1.000 O 0 0 0 0 0 0 0
C; 0. 607 6 0.363 4 —0.480 9 —0.006 0 1.000 0 0 0 0 0 0 0
Cs —0.8899 —0.1305 0.6514 —0.3795 —0.621 1 1.0000 0 0 0 0 0
C; 0.2930 —0.016 1 —0.044 3 0.716 7 —0.077 7 —0.249 2  1.000 O 0 0 0 0
Cs —0.7999 —0.116 7 0.647 5 —0.137 3 —0.6175 0.9347 0.1059 1.000 0 0 0 0
Gy —0.7073 0.1557 0.4490 —0.5435 —0.2329 0.8203 —0.4521 0.6954 1.000 O 0 0
Cyo 0.5412 0.5454 —0.7281 0.4259 0.8549 —0.6806 0.114 7 —0.6207 —0.453 1 1.000 0 0
Ch  —0.2658 —0.0580 0.0720 —0.386 4 —0.0918 0.2393 —0.2226 0.1661 0.2200 —0.166 2 1.000 0
2
G C, C; C, C; Cs C; Cs Cy Cyo Cnh
1 —0.11 0. 35 0.26 0.36 0. 36 0.36 0. 36 0. 36 0.30 —0.01 —0.25 7.71 0.70
2 0.19 —0.08 —0.43 0.01 0. 04 0. 04 0.03 0. 04 0.27 —0.56 —0.24 1.94 0. 88
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