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Pipeline leak aperture identification based on compressed sensing

Sun Jiedi',Qiao Yanlei', Wen Jiangtao”

(1. School of Information Science and Engineering, Yanshan University, Qinhuangdao 066004, China; 2. Key Laboratory
of Measurement Technology and Instrumentation of HeBei Province ,Yanshan University, Qinhuangdao 066004, China)

Abstract ; Natural gas pipeline leak monitoring is entering the age of big data. Aiming at the problems of traditional methods, such as re-
dundant data, subjective feature extraction and identification, an intelligent pipeline leak aperture identification method is proposed com-
bined compressed sensing (CS) and deep learning theory, which can achieve compressed sampling, adaptive feature extraction and rec-
ognition. The random Gaussian matrix is used to acquire the compressed acquisition data, and the aperture information contained in
measured samples in CS domain is analyzed by deep learning. The sparse filtering is applied to realize the automatic feature selection.
Finally, the high precision classification and recognition of the aperture is obtained by softmax regression. Experimental results show that
this method realizes the compression of the monitoring data, and the identification performance for data of compressed sensing domain is
better than traditional methods.
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Fig.1 Schematic diagram of sparse filtering
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