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Abstract: Long-distance oil and gas pipelines are widely distributed and have complex background
environments. Therefore, their optical-fiber pre-warning system experiences a high false-alarm rate in
identifying destructive events that threaten pipeline safety in a real-world environment. This makes it
challenging for the system to achieve accurate pre-warning results and ensure pipeline safety. This study
applies deep learning to a long-distance fiber pre-warning system. Through deep learning, a vehicle-passing
signal that mainly affects the pre-warning effect is identified, which effectively reduces the false-alarm rate
of the pre-warning system. The intelligent fiber pre-warning system is mainly divided into two parts: the
distributed optical-fiber sensing system and the signal-recognition system. In a real-world environment, an
intrusion signal around the pipeline is collected by a ®-OTDR(phase-sensitive optical time domain
reflectometry) distributed optical-fiber sensing system. Additionally, a recognition model is established by
convolutional long short-term memory and fully connected deep neural networks to detect the
vehicle-passing signal. After training and blind testing, the vehicle-passing event recognition model
demonstrated a good recognition and positioning effect in a real-world long-distance fiber-monitoring
environment and effectively reduced the false positives of the pre-warning system.
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Fig.3 The form of the acquired data
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Table 1 The data collected for training the vehicle passing event recognition model

Experiment Monitored range in the system/km Position Monitored duration
Group 1 2.1-4.0km Beside the highway 2 min
Group 2 2.1-4.0km Beside the highway 2 min
Group 3 16.5-18.0km Beside the highway 2 min

Pipline and Fiber Position|
--=--- Monitor Position

Pipline and Fiber Position
------- Monitor Position

(a) 2~4km

(b) 16.5~18km

4 SEEG T R Hh BT B B
Fig.4 Geographic information corresponding to the experimental positions in Table 1((a) Group 1 and Group 2; (b) Group 3)
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Fig.9 The CLDNN architecture

I
n
=1
=3
=3
=3

Position /m
2
o
o
(=]

20

40 60

Time /s
Bl 10 RS T 90% i 42 FpRAr B R ke AR B 1) 3 A 1]

Fig. 10 Prediction map of the vehicle passing events with

120

recognition probability >90%

N T I UERE A i AR A O, AR )
BMEEE AT, f E B R A EHA T A
B2 e, Wi 11 P, HPE 1)
FoR 1150~5750 m JEE N 1S 5040, B 11(b)FRR
8150~ 13000 m & Fl N KI5 5 90 #i, B 11(c)& R
15200~18100 m Y& Hl N K155 704, KBl 11(d)FxR
28000~29300 m YU [E N HI1E 5 4041, B BIAS RIS
RFXUNAE S IR . FR 2 B4r5Fte, B 11 Ared
B A H 2SR T 90% I, I 45 FEAF IR A%
RUAE 52 B (1) 4 BE B I FH BRI o i) DU R R i H B
SR AR SRt 42 I 245 Pt FH 50408 4R 50 50 P 7E A B L B 2
SN FARTE B P IS AR S, AR SEE AT
Bl S EES.



Fa2E F10M Vol.42 No.10
2020 £ 10 H M &% KIEEEERETREATNEREM T Oct. 2020

R2 WK 120 WELES 33 km ARSI EOHE sl R SRR e A 45 SR DAL R TR A B B 0L
Table 2 Within 120 s and the range of 33 km, the identification and location results of vehicle passing events in all monitoring data,

and the surrounding geographic information

The location where the recognition probability of o )
) ) ) Actual geographic information
the vehicle passing events is more than 90%/m

1150-1650 Next to the highway and parallel to the pipeline
2100-2200 Next to the highway and parallel to the pipeline
2400-2510 Next to the highway and parallel to the pipeline
3300-3600 Next to the highway and parallel to the pipeline
4300-6800 Next to the highway and parallel to the pipeline
8150-9120 Next to the highway and parallel to the pipeline
11100-11400 Next to the highway and parallel to the pipeline
15400-18100 Next to the highway and parallel to the pipeline
28000-28100 The pipeline crosses the road
29200-29300 The pipeline crosses the road
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