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An ensemble learning model for water quality forecast based on ARIMA and Prophet //JI Xiaoyan', YANG Kai',
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Abstract: An ensemble learning model for water quality forecast was constructed by using time series models including
ARIMA and Prophet model as base learners, combined with BP neural network model. The monitoring data of five water
quality indicators, including DO, COD,,, , NH,-N, TP and TN, for a section of the Yangtze River Basin from 2019 to 2020
were selected to test the validity of the model. The results show that the mean absolute percentage errors of the predicted

results of the ensemble learning model for the five indicators were lower than those of the time series model by 35.0% ,

29.9% ,4.1% , 40. 6% and 17. 1% , respectively. The prediction accuracy of the ensemble learning model is higher than
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that of the single model, which can be more accurate for water quality forecast.
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Fig.1 Modeling flowchart of ensemble learning model
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Table 1 Data stationary ADF test

EIEL N L e s R T r B 1% %R A 2 fa
DO -4.607 1.254x107* -3.433374 T
CODy, -3.054 3.018x10?2 -3.433377 RN
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Table 2 ARIMA model parameters

il

EfLaN

p d q
DO 5 0 4 ARIMA(5,0,4)
CODy, 6 0 6 ARIMA(6,0,6)
NH;-N 1 0 4 ARIMA(1,0,4)
TP 6 1 5 ARIMA(6,1,5)
TN 6 1 6 ARIMA(6,1,6)
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Table 3 Residual test
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Table 4 Evaluation of prediction accuracy of
ARIMA model

£zt MAE/(mg - L=") MAPE/ % r
DO 0. 986 12.97 0. 859
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NH;-N 0. 157 18. 67 0. 800
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TN 0.261 10. 36 0. 823

FH 3% 4 AT%0, ARIMA A Fi 25 5L () MAPE 3%
TE20% IR A SC R B AE 0.8 LU L, SREHF AL 1Y
RTINSO AT
2.3 Prophet RIS IF 4R

X4 7K BT A (8 U 2585080 S AL 2 Prophet FAY
5 IR BT bR AR M ER A A L i FUURS B A
R,

[KI 2 Prophet A58 J2 44 I ik 19 7K S5 W I e 9] 3
fit R AN TR I, S SOCH: F9000 6 I AN BR AR & b 52 107 1

- 114 -

&5 Prophet TN IE EIEM
Table 5 Evaluation of prediction accuracy of

Prophet model

€N MAE/(mg - L") MAPE/ % PIC/ %
DO 1. 055 13.02 98.2
CODy, 0.328 6.52 94.7
NH;-N 0.235 21.24 88.8
TP 0. 030 24.29 91.6
TN 0. 648 20.77 87.1
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Table 6 Evaluation of prediction accuracy of

ensemble learning model

Eistn MAE/(mg - L=") MAPE/ % r
DO 0. 668 8.43 0. 895
CODy, 0.224 4.57 0. 838
NH,-N 0.117 17.91 0.973
TP 0. 009 7.95 0.981
TN 0.234 8.59 0.972
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