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Abstract

Existing models that predict of Daily water supply include statistical models and neural
network model. The neural network model was more effective than the statistical models. Only
neural network model, which predict of Daily water supply, is focused on estimation of the
operational control. Neural network model takes long learning time and gets into local

minimum.
This study proposes Neuro Genetic hybrid model which a combination of genetic algorithm
and neural network. Hybrid model makes up for neural network’s shortcomings. In this study,
the amount of supply, the mean temperature and the population of the area supplied with water
are use for neural network’s learning patterns for prediction.
RMSE(Root Mean Square Error) is used for a MOE(Measure Of Effectiveness). The

comparison of the two models showed that the predicting capability of Hybrid model is more
effective than that of neural network model. The proposed hybrid model is able to predict of
Daily water, thus it can apply real time estimation of operational control of water works and

Korea Tel.: +82-31-560-5552, Fax: +82-31-565-3585, E-mail: mejukong@hotmail.com

water drain pipes.
Corresponding Author: Il-Hwan Kang Department of Water & WasteWater, Kyong-ho Eng. 849-7 Sutaek-dong, Kuri City kyonggi 471-722,
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Proposed models include accidental cases such as a suspension of water supply. The

maximum error rate between the estimation of the model and the actual measurement was

11.81% and the average error was lower than 1.76%. The model is expected to be a real-time

estimation of the operational control of water works and water/ drain pipes.

Key words : Local Minimum, Neural Network, Neuro Genetic, Hybrid Model
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Table 1. List of training parameters

Tools Parameters Variable Value
Learning rate Ir 0.9
Neural Momentum factor mc 0.7
Network Iteration No. epochs 10,000
Terminate goal goal 0.00001
Generation gap ggap 0.8
Insertion rate insr 09
. Crossover rate XOVI 1
Genetic .
) Selective pressure Sp 2
Algorithm _
Mutaton rate mutr 0.15
Migration rate migr 0.2
Terminate value termexact | 0.00001
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Table 2. Construction of model according to input variable
and algorithm

Range
Model

Input variable

Algorithm

NN1 Qty Qt-lv Qt-Zv P[+17 Tf? Tz+l

NN2- 1 O Qrp Qrp) Qr3 Qg

Neural Network

N-G1 | Qp Qp1, Qras Prat, Ty Tyay

N-G2 | O, Qr1, Q2 Qr3 Qg

Neuro Genetic
Hybrid Algorithm
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Table 3. Errors & Coefficient of Correlation and Determination between the Estimation and the Actual Value

Error MAE(m) RMSE(m3) Max Error(%) Mean Correlation Determination
Model Error(%) Coefficient Coefficient
NN1 11,045 13,938 15.43 2.88 0.86 0.74
NN2 9,062 10,679 17.25 2.17 0.88 0.77
N-G1 8,356 11,082 16.64 2.01 0.94 0.88
N-G2 7,430 9,506 11.81 1.76 0.94 0.88
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Figure 4. Estimation of daily urban water demand using
NN1, NN2 model, 2002
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Figure 5. Estimation of daily urban water demand using
N-G1, N-G2 model, 2002
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Figure 8. Scatter diagram of N-G1
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