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Fault Diagnosis of Sucker Rod Pumping Wells Based on GM-
ELM

HOU Yan-bin, CHEN Bing-jun, GAO Xian-wen
(School of Information Science & Engineering, Northeastern University, Shenyang 110819, China. Corresponding
author; CHEN Bing-jun, E-mail: 15776584468@ 163. com)

Abstract: Gray matrix-extreme learning machine ( GM-ELM) was proposed to solve the fault
diagnosis of sucker rod pumping wells. Firstly, the gray matrix method was applied to extract the
fault features of sucker rod pumping wells. Secondly, the mathematical method was applied to
establish eigenvectors of gray matrix, and the eigenvectors were used as the input value of the
fault diagnosis model. Finally, the GM-ELM model was established to diagnose the fault of
sucker rod pumping wells. The simulation results indicate that GM-ELM method has higher
accuracy of fault diagnosis than GRNN ( general regression neural network ), LS-SVM ( least
squares support vector machine) , BPNN ( back propagation neural network ).
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Fig. 1 The diagram of sucker rod pumping system
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Fig. 4 Gray matrix dynamometer cards
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Table 1 Statistical eigenvectors of gray matrix dynamometer
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pumping well fault diagnosis
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