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Abstract

This work was performed to develop a model possible to predict the influent flow and influent components, which are one of
main disturbances causing process problems at the operation of municipal wastewater treatment plant. In this study, artificial
neural network (ANN) was used in order to develop a model that was able to predict the influent flow, CODwn, SS, TN 1
day-ahead, 2day-ahead and 3 day ahead. Multi-layer feed-forward back-propagation network was chosen as neural network
type, and tanh-sigmoid function was used as activation function to transport signal at the neural network. And
Levenberg-Marquart (LM) algorithm was used as learning algorithm to train neural network. Among 420 data sets except
missing data, which were collected between 2005 and 2006 at field plant, 210 data sets were used for training, and other 210
data sets were used for validation. As result of it, ANN model for predicting the influent flow and components 1-3day ahead
could be developed successfully. It is expected that this developed model can be practically used as follows: Detecting the
fault related to effluent concentration that can be happened in the future by combining with other models to predict process
performance in advance, and minimization of the process fault through the establishment of various control strategies based on

the detection result.
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Table 1. Statistical properties of influent composition for target WWTP

Rain Hum. Flow Temp. pH DO BOD  CODws $s N TP

(mm) (%) (m/d) (°C) @) (mgt) (mg/t) (mgl) (mg/t) (mgll) (mgll)
Max. 50.0 90 42,478 293 7.9 15 241 139 238 444 5.3
Min. 0.0 20 32,419 16.1 7.0 0.6 147 85 146 283 35
Mean 2.1 60 36,412 25 75 11 189 108 186 35.8 43
S.D. 6.7 10 1,901 38 0.2 0.2 20 11 16 33 0.4

Where, Hum.: Humidity; Temp.: Temperature; Max.: Maximum value; Min.:

2X LN sIRSaH SR MuA F1S, 2008

Minimum value; S.D.: Standard deviation
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Fig. 1. Typical structure of Multi-layer feed-forward backpro-
pagation network (EI-Din and Smith, 2002).
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Fig. 2. Signal transport at Multi-layer feed-forward network
(Jang et al., 1997).
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Fig. 3. Estimation of qualitative relationship between input variables and target variables. (a) Relationship between flowrate
and rainfall, (b) Relationship between flowrate and humidity, (c) Relationship between CODwm, and SS, (d)

Relationship between CODwm, and TN
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Fig. 4. Structure of ANN for 1 day-ahead prediction of
flowrate (Where, t: Present, t-1: Before 1 day, t+1:
After 1 day).
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Table 2. ANN structure for 1day-ahead prediction with target variables
) . Number of neuron
Target variables Input variables - -
Input layer Hidden layer | Hidden layer 1l Output layer
COD(+1 CODH, COD(, FIOW{, SS( 4 5 5 1
SSw1 SSt1, SS, COD¢ 3 5 5 1
TNy TN, TN;, COD; 3 5 5 1
Where, t: Present; t-1: Before 1 day; t+1: After 1 day
Table 3. Average relative difference for 1 day-ahead prediction with ANN
- Average relative difference (%) Flow CODwn SS TN
Training 0.57 0.003 2.67 1.68
1 day ahead o
Validation 0.65 1.69 3.16 1.96
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Fig. 5. 1 day-ahead prediction with ANN. (a) Prediction of flowrate, (b) Prediction of CODwm,, (c) Prediction of SS,

(d) Prediction of TN
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Table 4. Average relative difference for 2 day-ahead prediction with ANN

- Average relative difference (%) Flow CODwn SS TN
Trainin 0.93 1.60 391 2.44

2 day ahead . .g
Validation 1.93 2.61 4.36 291

Table 5. Average relative difference for 3 day-ahead prediction with ANN

- Average relative difference (%) Flow CODwn SS TN
Trainin 1.07 1.77 4.42 3.04
3 day ahead . .g
Validation 1.66 2.74 5.29 3.93
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Fig. 6. 2 day-ahead prediction with ANN. (a) Prediction of flowrate, (b) Prediction of CODwmna, (c) Prediction of SS,
(d) Prediction of TN
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Fig. 7. 3 day-ahead prediction with ANN. (a) Prediction of flowrate, (b) Prediction of CODwm,, (c) Prediction of SS,
(d) Prediction of TN
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