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Artificial Neural Network Modeling and Prediction Based on Hydraulic
Characteristics in a Full-scale Wastewater Treatment Plant
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Abstract: The established mathematical modeling methods have limitation to know the hydraulic characteristics at the wastewater
treatment plant which are complex and nonlinear systems. So, an artificial neural network (ANN) model based on hydraulic
characteristics is applied for modeling wastewater quality of a full-scale wastewater treatment plant using DNR (Daewoo nutrient
removal) process. ANN was trained using data which are influents (TSS, BOD, COD, TN, TP) and effluents (COD, TN, TP)
components in a year, and predicted the effluent results based on the training. To raise the efficiency of prediction, inputs of ANN are
added the influent and effluent information that are in yesterday and the day before yesterday. The results of training data tend to
have high accuracy between real value and predicted value, but test data tend to have lower accuracy. However, the more hydraulic

characteristics are considered, the results become more accuracy.

Keywords: ANN (Artificial Neural Network), DNR process, hydraulic characteristics, nonlinear modeling
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Fig. 1. The structure of multi-layer neural network.
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Fig. 2. The procedure of neural network modeling and prediction
based on hydraulics information.
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Table 1. F our case studies of NN modeling incorporating hydraulics.
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Fig. 3. Neural network model based on hydraulic characteristic.
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Table 2. The components of influent and effluents of H wastewater
treatment plant.

TSS | BOD | COD | TN TP
Max. | 98.22 1103.68| 64.76 | 2558 | 2.67
Influent | Min. |194.00{175.20|132.00| 41.29 | 4.80
Ave. | 20.00 | 28.20 | 19.40 | 8.60 | 0.94
Max, | 1.87 | 236 | 673 | 818 | 1.00
Effluent| Min. | 460 | 7.60 | 11.50 | 17.14 | 2.03
Ave, | 020 | 050 | 3.80 | 3.90 | 0.12
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Fig. 7. The NN modeling results of CASE 2-1.
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Table 3. The RMSE values of training and test data in CASE 2.

Training data Test data
COD | TN TP | COD | TN TP
CASE 2-1] 0.484 | 0.768 | 0.081 | 1.854 | 2.581 | 0.530
CASE 2-21 0.301 | 0736 | 0.075 | 1.485 | 2.414 | 0.628
CASE 2-3| 0.249 | 0.707 | 0.096 | 0.957 | 1.645 | 0.441
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Fig. 10. The nitrification efficiency as a function of temperature.
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