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Optical Fiber Perimeter Intrusion Pattern Recognition Based on 1D-CNN

YU Houdan, MI Qiushi, ZHAO Dong, XIAO Qian
(Optical Fiber Research Center, Department of Material Science, Fudan University, Shanghai 200433, China)

Abstract: Based on previous pattern recognition research which uses Mel Cepstrum coefficient method to
extract frequency characteristics of disturbance signal, a fiber intrusion pattern recognition method using 1-
Dimension convolutional neural network is purposed for interferometric distributed optical fiber sensing
system. Hierarchical thresholds of the restored signal are used to judge and extract the intrusion behavior,
which effectively reduces the calculation time compared with the framing method. A one-dimensional
convolutional neural network is constructed based on the frequency domain features of the intrusion signal
after Fourier transform to extract the characteristics of the disturbance signal adaptively. A line-based
Sagnac interference system is set up to acquire data. By training the network with a large number of sample
data, a good classification result is obtained. The average recognition rate of the verification set reaches
96.5%. The trained convolution kernels and the convoluted intrusion signals are discussed. After zscore
standardization, the one-dimensional convolutional neural network can identify some features in the
frequency domain of the signals, and the recognition result of the branch tapping signal with complex
frequency components is greatly improved.
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