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ABSTRACT

Water pipeline network in local and metropolitan area is buried underground, by which it is hard to know the degree
of pipe aging and leakage. In this study, assuming various sensor combinations installed in the water pipeline network,
the optimal algorithm was derived by predicting the water flow rate and pressure through artificial intelligence algorithms
such as linear regression and neuro fuzzy analysis to examine the possibility of detecting pipe leakage according to the
data combination. In the case of leakage detection through water supply pressure prediction, Neuro fuzzy algorithm was
superior to linear regression analysis. In case of leakage detection through water supply flow prediction, flow rate
prediction using neuro fuzzy algorithm should be considered first. If flow meter for prediction don’t exists, linear
regression algorithm should be considered instead for pressure estimation.
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Table. 1 Current status of water supply and water flow
rate and leakage rate by year

Class 2015 | 2016 | 2017 | 2018 | 2019
total water supply(106 ) | 6,279 | 6,419 | 6,492 | 6,656 | 6,666
water flow(106 ) 5,203 | 5,446 | 5,529 | 5,652 | 5,683
flow rate(%) 843 | 848 | 852 | 849 | 852
leakage(106 m) 687 | 683 | 682 | 721 | 701
leak rate(%) 109 | 10.6 | 105 | 108 | 105
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Fig. 1 Data mining process
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Table. 3 Flow estimation by sensor type and algorithm

Classification

Linear Regression

Neuro Fuzzy

TP2 Flow, TP3 Flow

0.71

0.66

TP2 Pressure, TP3 Pressure

2.81

0.94

TP2 Pressure, TP3 Flow

1.50

0.98
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Fig. 5 Flow estimation by algorithm based on flow sensor
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Fig. 7 Flow estimation by algorithm based on mixed
sensor
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Table. 4 Pressure estimation by sensor type and algorithm

Classification Linear Regression | Neuro Fuzzy
TP2 Flow, TP3 Flow 0.82 0.57
TP2 Pressure, TP3 Pressure 0.66 0.28
TP2 Pressure, TP3 Flow 0.49 0.20

A
=
th. A s AEA ATE 0.82%, FEAR] LSS

alt.

967



B2 HEASHS| = 2X| Vol 26, No, 7: 963-971, Jul, 2022

Eaumated Gutput
Rl Output

Humber of Data

(a) Linear Regression

Ounp:
Reet Gt

Mumber of Data

(b) Neuro Fuzzy
Fig. 8 Pressure estimation by algorithm based on flow
sensor
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Table. 5 Leakage test by sensor type and algorithm(flow)

Classification Linear Regression | Neuro Fuzzy
TP2 Flow, TP3 Flow 0.64 0.72
TP2 Pressure, TP3 Pressure 2.02 1.91
TP2 Pressure, TP3 Flow 1.02 1.34
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Fig. 11 Leakage test by algorithm based on flow
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Classification Linear Regression | Neuro Fuzzy
TP2 Flow, TP3 Flow 2.92 3.30
TP2 Pressure, TP3 Pressure 2.61 2.72
TP2 Pressure, TP3 Flow 2.63 2.90
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