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Abstract

The purpose of this study is to predict residual chlorine in order to maintain stable residual chlorine concentration in sedimentation basin
by using artificial intelligence algorithms in water treatment process employing pre-chlorination. Available water quantity and quality
data are collected and analyzed statistically to apply into mathematical multiple regression and artificial intelligence models including
multi-layer perceptron neural network, random forest, long short term memory (LSTM) algorithms. Water temperature, turbidity, pH,
conductivity, flow rate, alkalinity and pre-chlorination dosage data are used as the input parameters to develop prediction models. As
results, it is presented that the random forest algorithm shows the most moderate prediction result among four cases, which are long short
term memory, multi-layer perceptron, multiple regression including random forest. Especially, it is result that the multiple regression
model can not represent the residual chlorine with the input parameters which varies independently with seasonal change, numerical scale
and dimension difference between quantity and quality. For this reason, random forest model is more appropriate for predict water qualities
than other algorithms, which is classified into decision tree type algorithm. Also, it is expected that real time prediction by artificial
intelligence models can play role of the stable operation of residual chlorine in water treatment plant including pre-chlorination process.
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(b) Structure of LSTM
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Fig. 3. Data collection points of study water treatment plant

Table 1. Basic statistics of collected data

‘ . Data collection points |

Parameter Mean STD Variance Min. Max. Range Correlation
Alkalinity (mg/L as CaCO3) 19.12 2.76 7.62 15.00 25.00 10.00 0.073
Flow Rate (m*/day) 9211.06 2800.26 7841446.59 3113.21 13423.83 10310.62 0.392
Turbidity (NTU) 3.61 3.71 13.78 0.43 43.62 43.19 -0.345
Temperature (C) 18.21 4.06 16.48 8.03 23.80 15.77 -0.516
pH 6.78 0.27 0.07 6.08 7.37 1.29 0.376
Conductivity (#umhos/cm) 71.28 9.25 85.53 45.64 99.92 54.28 0.069
Pre-chlorine Doasge (mg/L) 1.63 0.50 0.25 0.68 2.99 2.31 -0.527
Residual Chlorine (mg/L) 0.35 0.15 0.22 0.00 0.98 0.98 1.000
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