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Defect diagnosis of urban drainage pipelines based on GA optimized
ELM neural network
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Abstract; To detect the potential risks of drainage pipelines and accurately grasp the pipeline conditions, a data-
driven defect diagnosis model was established by combining optimized extreme learning machine ( ELM) neural
network and closed circuit television ( CCTV) inspection. Genetic algorithm ( GA) was adopted to optimize the
input weight matrix and the hidden layer offset of ELM neural network, which helps to solve the problems of
unstable output and low classification accuracy of ELM neural network caused by random generation of network
parameters. Taking the drainage pipeline dataset from Yangshan Free Trade Port Area in Shanghai as an example,
the proposed GA-ELM model was conducted to identify and diagnose major structural defects, such as pipe rupture,
disconnect, and leakage. The results of the GA-ELM model were compared with those of ELM model on the same
dataset. It shows that the GA-ELM model achieved better classification performance by utilizing same neuron nodes
in the hidden layer, and the optimization of parameters improved the fitting capability and generalization ability of
the ELM model. Therefore, the proposed method is applicable to defect diagnosis and evaluation of urban drainage
pipes and can provide a technical basis for the formulation of drainage network maintenance plan and repair plan.
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Fig.2 Structure of neural network
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Fig.3 Effect of number of hidden nodes on ELM performance

under three activation functions

RO AR, e TR A B4 3l R RORT B i =
S X GA-ELM 7 K gV REHEAT U H 0 A7
GA SRR  FER/INA 40, s s AUECH 100,
AR 0.7, 855 0. 01,74 0. 95. Ff HEA i
A GA-ELM BERUHATII S, W& 4 122 A Hh 4B
N, AR 44 fUIRE, RS SR/, T R EOKR. [RI,
44 AL 5 9 AR 1 i 54 A AR FR 2 ) 488 75 v X
M AEA BT T

gl
0 10 20 30 40 50 60 70 80 90 100

AR
E4 iREHis
Fig.4 Error evolution curve
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