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Abstract: A convolutional neural network (CNN) based acoustic signal identification method for pipeline leakage is
proposed to solve the difficulty in identifying the acoustic signal of water pipelines. Multi-taper spectral subtraction is used
in this method to remove the noise in the signal. Then, the short-time Fourier transform is used to calculate the spectrograms
of the denoised acoustic signal, and the acoustic signal recognition problem is transformed into the image recognition
problem. Spectrograms are input into the self-built CNN system to complete leakage detection. The data set is collected by
the prototype detector and used as the basis to evaluate the leakage identification method. The experimental results show that
the average recognition rate of the proposed method is 95.28 % for non-leakage, leakage holes of 0.4 mm, 0.6 mm, 0.8 mm
and 1 mm respectively. In addition, the proposed method is obviously superior to the support vector machine (SVM) and
AlexNet methods, and can be applied to the acoustic inner detection of pipeline leakage.
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