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The simulation and prediction of TN in wastewater treatment effluent
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Abstract Total nitrogen in effluent is one of the critical indicators for evaluating the performance of wastewater
treatment plants. In this study, a BP neural network model was developed to simulate the present nitrogen removal
system for wastewater treatment, and an autoregressive moving average (ARIMA) model was creatively applied
to realize the short-term prediction of future effluent. The results showed that the simulation error of BP model on
training set was 15.9%, and that on test set was 16.5%, which revealed that the stability of model prediction is
poor. The average error of the ARIMA model for predicting the total nitrogen value in the coming week was
around 4.41%, which showed high prediction accuracy. The combination of the two models can help fast and

efficient on-line detection, establishing accurate aeration system, reducing power cost, and providing technical
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reference for the operation and regulation of wastewater treatment plants.
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Table 1  Pearson correlation coefficient between the indicators and TNy,

N 5 TN 9 7 (X, 1)
Elec 0.509 253
COD;, 0.536 536
BOD;, 0.427 874
TN;, 0.649 341
NH;-Niq 0.589 526
TPin 0.565 149
BOD:/TN;, -0.034 380
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Table 2 The neural network parameters
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LAt ¥4 (batch size) 64
WIdE# > % 0.2
SRR RS 0.93
IEME &5 0.005
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Fig.1 The change trend of loss function over time in Tensorboard
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Fig.2 Simulation results of training data and test data
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Fig.3 MRE of train data and test data simulation
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Fig.4 The line chart of change trend of TN, over time
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Fig.5 The change trend of TNy over time (results from first order difference)
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Fig.6 AIC heat map of different combinations of p and ¢
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Fig.7 Residual line chart of ARIMA model
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Fig.8 Residual plot between sample quantiles and theoretical quantiles of ARIMA model
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Fig.9 Residual ACF chart and PACF chart of ARIMA model
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Table 3 Predictive value from ARIMA model and actual value

H SEFRE/(mg/L) TRME/(mg/L) MAE MRE/%
2017-12-01 15.8 16.513 318 0.713 318 4514 668
2017-12-02 15.2 16.456 224 1.256 224 8.264 631
2017-12-03 16.8 16.450 698 -0.349 302 -2.079 180
2017-12-04 17.5 16.416 359 -1.083 641 -6.192 232
2017-12-05 17.6 16.416 794 -1.183 206 -6.722 761
2017-12-06 16.2 16.394 186 0.194 186 1.198 677
2017-12-07 16.1 16.408 835 0.308 835 1.918 230
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