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Event recognition based on the distributed located fiber sensor
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[ Abstract] In this paper, a novel approach to classify intrusion events from distributed fiber optic acoustic sensors is proposed. The
approach consists of four main steps. At the first step, the original signal is denoised using wavelet packet denoising. At the second
step, the denoised original signal is transformed with wavelet to obtain the wavelet time—frequency map of the original signal. At the
third step, a two—input convolutional neural network is constructed. The filtered original 1-D signal is directly fed into a three—layer 1
=D CNN, and the filtered 2-D wavelet time—frequency map is directly fed into a two—layer 2-D CNN. At the fourth step, the features
output from the two CNNs are fed to a support vector machine (SVM) , which is used to classify the events. A phase-sensitive optical
time—domain reflectometer (@ —OTDR) sensing system is also used. In this paper three main vibration events are identified: car
passing, excavator digging, and road breaker working. The experimental results show that the recognition accuracy of the three
vibration events in the real environment using the proposed approach can reach 96% on average, and the recognition time is 0.61 s.

[ Key words] distributed fiber optic sensing; phase-sensitive optical time domain reflectometer ( @—OTDR) ; 1D convolutional
neural network; 2D convolutional neural network; support vector machine
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Fig. 4 Wavelet time—frequency chart
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Tab. 1 Parameters of 1-D CNN

Layers Kernal size/Fliters Input Shape
Convl 1x32/16 1x4 096x 1
Pooll 1x6 1x4 081x32
Conv2 1x64/16 1x680%32
Pool2 1x6 1x665%x64
Conv3 1x90/16 1X110x64
Pool3 1x6 1x95%x90
FC neurons ; 6 400 1x1 350

Batch_size =300
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Tab. 2 Parameters of 2—D CNN

Layers Kernal size/Fliters Input Shape
Convl 1x64%x64/9 1X64X64%3
Pooll 1x3%3 1x56X56%x64
Conv2 1x128x128/9 1x18x18%x64
Pool2 1x3%x3 1x10x10x128
FC neurons: 8 500 Ix1 152

Batch_size =300
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Tab. 3 Parameters of the full connection layer

Layers Neurons _ num Input Shape
FC1 neurons; 3 000 1x14 900
FC2 neurons: 1 000 1x3 000

SOFTMAX neurons ; 3 1x1 000

Batch_size =300
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Tab. 4 Parameters of LeNet—5 1D_CNN

Layers Kernal size/Fliter Input Shape
Convl 1x32/16 1x4096x 1
Pooll 1x6 1x4081x32
Conv2 1x64/16 1x680%32
Pool2 1x6 1x665%64
Conv3 1x90/16 1x110x64
Pool3 1x6 1X95x90
FC1 neurons: 6 400 1x1 350
FC2 neurons: 1 000 1x6 400
SOFTMAX neurons; 3 1x1 000

Batch_size =300
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Tab. 5 Comparison of identification results of TI_CNN and LeNet—5

1_D CNN

CNN Event Types Precision  Recall Fl
LeNet=5 1_D CNN 1 0.92 0.93 0.92
2 0.92 0.92 0.92
3 0.87 0.85 0.86
TI_CNN 1 0.96 0.95 0.95
2 0.96 0.94 0.95
3 0.96 1 0.98
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