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Abstract

The aim of this study is to predict BOD (Biochemical Oxygen Demand) more accurately in sewage
treatment plants, allowing for the suggestion and implementation of various control strategies. This would
enable the proper regulation of organic load rates, ultimately enhancing the efficiency of the treatment
process. For this purpose, the study was conducted based on 2,100 daily data measurements from three
sewage treatment plants in City B collected between January 1, 2015, and September 30, 2020. To predict
the complex behavior of the influent characteristics that determine the BOD of the influent, a DNN(Deep
Neural Network) model composed of nonlinear functions was used. To validate these results, model
verification was conducted using R2 and RMSE with MLR using stepwise selection and principal
component analysis. Additionally, the water quality characteristics from the immediate past are closely
correlated with the BOD of the influent on the current day because of the continuous inflow nature of the
influent. Consequently, derived variables of the water quality characteristics from the previous day and two
days prior were added and applied to the model. To verify the validity of these derived variables, the
predictive power of the model with the derived variables was compared and evaluated against a model
using a dataset without these derived variables. The results demonstrated that the DNN model outperformed
the existing sewage treatment plant prediction methods and the MLR model. The application of a nonlinear
model to sewage treatment plants showed the potential to improve the process efficiency. Additionally, it
was verified that the performance of both the DNN and MLR models improved when the derived variables
were added, compared to when they were not, confirming the validity of the derived variables.
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BOD COD SS N TP Q E.coli P T

mean 142.46 80.52 130.66 34.76 4.00 8.43 1.18 4.64 12.35

std 29.02 14.44 32.56 6.90 1.21 1.39 7.03 16.82 8.68

min 70.10 45.20 66.00 11.24 1.24 5.08 1.30 0.00 -10.20
25% 128.10 72.60 112.00 30.23 3.23 7.52 7.70 0.00 5.20

50% 136.40 78.60 120.00 33.55 3.81 8.28 9.20 0.00 13.40
75% 145.20 85.20 140.00 38.43 4.40 8.97 14.08 0.20 19.40
max 309.60 217.70 400.00 78.18 14.75 14.46 96.00 264.10 28.30
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<Table 2> Pearson correlation coefficient in A WTPP variables

BOD COD SS N TP Q E.coli P T

BOD 1.00 0.79 0.64 0.55 0.57 0.02 0.37 -0.06 -0.20
COD 0.79 1.00 0.63 0.60 0.64 -0.02 0.30 -0.07 -0.12
SS 0.64 0.63 1.00 0.54 0.57 0.16 0.51 -0.03 -0.01
TN 0.55 0.60 0.54 1.00 0.67 -0.01 0.27 -0.07 -0.08
TP 0.57 0.64 0.57 0.67 1.00 -0.05 0.30 -0.06 -0.06
Q 0.02 -0.02 0.16 -0.01 -0.05 1.00 0.19 0.29 0.49
E.coli 0.37 0.30 0.51 0.27 0.30 0.19 1.00 -0.01 -0.00
P -0.06 -0.07 -0.03 -0.07 -0.06 0.29 -0.01 1.00 0.16
T -0.20 -0.12 -0.01 -0.08 -0.06 0.49 -0.00 0.16 1.00
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<Table 5> Comparison models

Forecasting model R? RMSE

Original prediction method 0.632 20.71

DNN without derived variable 0.762 13.63

MILR without derived variable(Stepwise method) 0.712 15.60

MILR without derived variable(PCA) 0.700 15.68

DNN using derived variable 0.797 13.23

MLR using derived variable(Stepwise method) 0.775 13.55

MLR using derived variable(PCA) 0.736 14.74
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[Fig. 4a] Original prediction method.
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[Fig. 4b] DNN without derived variable.
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