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Abstract
generalization ability is insufficient. We propose a distributed fiber optic vibration recognition method based on fractional Fourier
which

means adding a new analysis dimension compared with the traditional time-domain method. Compared with the traditional time-

At present, the recognition of vibration events by distributed fiber optic vibration sensing is easy to overfit and the
transform (FrFT). The method uses FrET for the time-frequency conversion of the time-domain vibration signals,

frequency domain method, this method not only solves the problem of mutual constraints of time resolution and frequency
resolution but also enhances the feature richness of time-frequency data. It is more conducive to the learning of deep models and
can effectively prevent model overfitting. Outdoor field experiments show that the recognition accuracy of the FrE'T method
reaches 98. 5%, and the accuracy can still maintain more than 98% on the special generalization test set. At the same time, a
more reliable evaluation index fl-score is introduced. The fl-score is the harmonic mean of precision and recall. It is used to
comprehensively evaluate precision and recall. The fl-score of each event recognized by this method is higher than 0. 975.

Key words fiber optics sensors; distributed optical fiber sensing; fractional Fourler transform; distributed fiber optic

vibration sensing
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LD: laser device
SOA:semiconductor optical amplifier
AWG: arbitrary waveform generator
EDFA: erbium-doped fiber amplifier
FUT: fiber under test

APD: avalanche photodetector

DAQ: data acquisition card
PC: personal computer
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Fig. 2 Time domain curves of different vibration events. (a) Hammering; (b) air pick operation; (¢c) excavator operation;
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Fig. 4 Time-frequency graphs of different vibration events. (a) Hammering; (b) air pick operation; (¢) excavator operation;
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Table 1 Comparison of the recognition results of the three

methods in the test set

Class Event type P R I
Ambient noise  0.981  0.994  0.987
Time-domain Hammering 0.959  0.976  0.967
A=0.978 Air pick 0.989  0.992  0.990
Excavator 0.981  0.947  0.964
Ambientnoise  0.980  0.997  0.988
STFT Hammering 0.944  0.953  0.949
A=0.971 Air pick 0.997  0.967  0.982
Excavator 0.960  0.965 0.963
Ambient noise  0.994  0.991 0.993
FrFT Hammering 0.976  0.982  0.979
A=0.985 Air pick 0.984  0.995  0.989
Excavator 0.987  0.971  0.979

2 AR =R 2 N 2 R AR

Table 2 Comparison of recognition results of the three methods

on the generalized test set

Event type P R S

Class

Ambient noise  0.993 1.000  0.996

Time-domain Hammering 0.951 0.802  0.870
A=0.938 Air pick 0.909  0.970  0.938
Excavator 0.905 0.964  0.934

Ambient noise  0.987  0.980  0.983

STFT Hammering 0.835 0.966  0.896
A=0.929 Air pick 0.974  0.809  0.884
Excavator 0.928 0.982  0.954

Ambient noise  0.980  0.997  0.988

FrFT Hammering 0.978  0.974  0.976
A=0.980 Air pick 0.991  0.973  0.982
Excavator 0.971 0.978  0.975
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