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Fiber optic vibration signal identification based on endpoint detection
XU Fangchen', XING Weining’

(1 National Oil and natural gas pipeline Network Group Co., Ltd. West—-East Gas Transmission Branch, Shanghai 200126, China;
2 China Oil and natural gas pipeline Communication and Power Engineering Limited Corporation, Langfang Hebei 065000, China)

[ Abstract] The main difficulty in identifying intrusion events using fiber optic distributed sensing system is the low recognition
accuracy of intrusion events. In order to improve the recognition accuracy of intrusion events, this paper proposes a fiber optic
vibration signal recognition method based on endpoint detection and signal reorganization. The endpoint detection algorithm based on
spectral center of mass and short—time energy is used to detect the vibration part of the vibration signal, then the detected vibration
signal is reorganized, finally a multi—scale convolutional neural network combined with random forest tree is used to identify the
reorganized signal. The experiment proves that the recognition method can quickly train the recognition model and effectively
recognize the intrusion vibration signals collected in the actual environment, and the recognition accuracy of the intrusion signals can
reach 97.4%.

[ Key words] distributed fiber optic sensing; phase—sensitive optical time—domain reflectometer (¢—OTDR) ; endpoint detection;
multiscale convolutional neural network; random forest tree
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Fig. 2 Multi—scale convolutional neural networks
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Fig. 3 Vibration signal
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Fig. 4 Undenoising and denoising signal
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(a) End-point detection of the vibration signal
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Fig. 5 Detection of the vibration signal
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Fig. 6 Recombination of the vibration fragments
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Fig. 7 Original signal and recombinant signal recognition rate
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combined with multiscale convolutional neural networks
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