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1- Fuzzy Inference System (FIS)
2- Hybrid Genetic Algorithm (HGA)
3- Evolutional Polynomial Regression
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Figure 1. Location of case study in Gorgan water distribution network.
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Table 1. Water distribution network properties of the case study.

PP i
Property Value
(Investigated time duration) ., 5,5 Jloj o3k 1394-1397
(Rang of pipe diameters-mm) s Jlo—aly L3 o3 gie 63-500
(Total length of pipeline-m) ze -4 s Jsb 80072
(Pipe length changes) 44} Jsb &l a5 9-134
(Number of pipes) lad 5} S sluas 1547
(Number of failures) ac. Lo S sluas 169
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3- Error Ratio (ER)

4- Over fitting

5- Correlation Mean square error Ratio (CMR)
6- Nash—Sutcliffe efficiency (NS)

7- Mean Absolute Error (MAE)
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Table 3. Error Indexes of different soft and statistical model for train data.

Lt L/ e pU

MAE NS R MSE

Model Name/Error Index
0.0045 -1.91 0.49 0.0907 (k> Ogew S LR
0.0044 -1.32 0.59 0.0868 (a8l peans a5 0 S5) GLR
0.0036 0.13 0.55 0.0921 (Olsiy 135 O S ) SVR
0.202 0.46 0.68 0.0826 O Frar omas 452) FFNN
0.0024 0.788 0.91 0.0624 (el o sms as «52) RBFNN
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Table 4. Error Indexes of different soft and statistical model for test data.

Lt L/ e pU

MAE NS R MSE

Error Index/Model Name
0.0027 0.493 0.71 0.059 (b 05w S LR
0.0024 0.407 0.75 0.056 (4l and o O3 55) GLR
0.003 0.58 0.93 0.067 (Oliy s 05008 5) SVR
0.031 0.417 0.84 0.055 G e Fyean mas 45) FFNN
0.0045 0.23 0.49 0.077 (Frdaly g e e «3) RBFNN
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Table 5. Error Indexes of different soft and statistical model for verification data.

Lt L/ e pU

MAE NS R MSE

Error Index/Model Name
0.005 -1.77 0.51 0.0863 (b 05w S LR
0.0057 -.353 0.35 0.0897 (4l an ot O3 55) GLR
0.0026 0.43 0.62 0.066 (Ol 1z 050 5 5) SVR
0.0453 0.44 0.69 0.062 G e Fyean omas «5) FFNN
0.0051 -12.67 0.27 0.0931 (Fdaly gy e «3) RBFNN
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Table 6. Error Indexes of Hybrid predicting model for train, test and verification data.

MAE NS R

Ut 2t Ld/esls

MSE

Error Index/Model Name

0.0262 0.99 0.99

0.0254 0.71 0.847

0.0184 0.92 0.96

0.0274 (25540 Train
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Figure 6. Observed and predicted failure rate values by Hybrid model.
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Abstract

Background and Objectives: Urban water distribution networks consider as one of the
essential infrastructural facilities and equipment in urban areas. The pipes are one of the primary
and essential components of a water distribution network break during operation due to various
factors. So, developing models for pipes failure rate prediction can be one of the most crucial
tools for managers and stakeholders to the optimal operation of the water distribution network.
In the last decade, various studies have performed to predict the failure rate of water distribution
pipes using statistical and soft models - each of which has strengths and weaknesses. This study
aims to present a new approach based on the development of a hybrid prediction model,
considering the capabilities of soft and statistical models, to more accurately predict the water
distribution network pipes failure rate compared to statistical and soft models used in previous
research.

Materials and Methods: In order to achieve the study goals, 4-year (2015-2018) time duration
statistics of Gorgan water distribution network characteristics including diameter, length, age,
depth of installation, and the number of pipe failures used to predict future pipes failure rates.
To predict the failure rate of water distribution network pipes, five different models, including
three statistical models (linear regression, generalized linear regression, support vector
regression) and two soft models (feed-forward neural network, and radial basis function neural
network) has studied. Optimal parameters of the models were selected based on appropriate
statistical error indicators, including correlation coefficient (R), Mean Square Error (MSE), and
Correlation Mean square error Ratio (CMR) for the training and testing data. In order to select
the best model from different models to predict the failure rate of network pipes, the values of R
and MSE indicators of the above models were calculated in the validation stage and compared
with each other. Finally, to predict pipes failure rate more accurately, a new approach is
developed based on the hybrid prediction model in which the predicted values of pipe failure
rates by statistical and soft computing models considered as independent variables of the best
model inputs and the observed values of failure rates as dependent variables of the best model
outputs.
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Results: Comparing the values of R and MSE indicators of each statistical and soft computing
model used in this study in the validation phase show that these models cannot predict the
pipes' failure rate with reasonable accuracy. Feedforward neural network model with the highest
R = 0.69 and the lowest MSE = 0.062 values has the best estimates. Using the new approach
developed based on hybrid soft and statistical models, the R index is equal to 0.96, and the MSE
index is equal to 0.046.

Conclusion: A significant increase in the R index (39%) and decrease in the MSE index (25%)
through using the proposed hybrid approach compared to the feed-forward neural network
model demonstrates that using the new approach provides perfect accuracy prediction of the
pipes failure rate of the water distribution network.

Keywords: Gorgan, Hybrid Model, Intelligent Model, Pipe Failure Rate, Urban Water
Distribution Network
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