Northumbria Research Link

Citation: Wu, Jinyi, Zhuo, Rusheng, Wan, Shengpeng, Xiong, Xinzhong, Xu, Xinliang, Liu, Bin, Liu,
Juan, Shi, Jiulin, Sun, Jizhou, He, Xingdao and Wu, Qiang (2021) Intrusion location technology of
Sagnac distributed fiber optical sensing system based on deep learning. IEEE Sensors Journal. pp. 1-
8. ISSN 1530-437X (In Press)

Published by: IEEE
URL: https://doi.org/10.1109/jsen.2021.3070721 <https://doi.org/10.1109/jsen.2021.3070721>

This version was downloaded from Northumbria Research Link:
http://nrl.northumbria.ac.uk/id/eprint/45922/

Northumbria University has developed Northumbria Research Link (NRL) to enable users to access
the University’s research output. Copyright © and moral rights for items on NRL are retained by the
individual author(s) and/or other copyright owners. Single copies of full items can be reproduced,
displayed or performed, and given to third parties in any format or medium for personal research or
study, educational, or not-for-profit purposes without prior permission or charge, provided the authors,
title and full bibliographic details are given, as well as a hyperlink and/or URL to the original metadata
page. The content must not be changed in any way. Full items must not be sold commercially in any
format or medium without formal permission of the copyright holder. The full policy is available online:
http://nrl.northumbria.ac.uk/policies.html

This document may differ from the final, published version of the research and has been made
available online in accordance with publisher policies. To read and/or cite from the published version
of the research, please visit the publisher’s website (a subscription may be required.)

.8

UniversityLibrary

EXCELLENCE


http://nrl.northumbria.ac.uk/policies.html

[1=]3

% Northumbria
University
NEWCASTLE



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JSEN.2021.3070721, IEEE

Sensors Journal

IEEE SENSORS JOURNAL, VOL. XX, NO. XX, MONTH X, XXXX 1

IEEE i
@Sensors Council

Intrusion location technology of Sagnac
distributed fiber optical sensing system based
on deep learning
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Jiulin Shi, Jizhou Sun, Xingdao He, Qiang Wu

Abstract—For distributed fiber optical sensing based on Sagnac effect, the %3 .
intrusion is usually located by notch frequency. However, the notch spectrum | [ADtf—{ roi_Jow'er i
is the comprehensive result of the intrusion, so when multiple disturbances BBS
simultaneously intrude from different positions of the sensing fiber, it is D2 || D2 |

impossible to establish a mathematical expression between the intrusion
position and the notch frequency, this leads to the problem of multi-point 10

intrusion localization. Therefore, in this paper, deep learning technology is - ‘
used to locate multiple disturbing points in Sagnac distributed optical fiber
sensing system, and the related specific technologies of deep learning appling
to sagnac distributed optical fiber sensing are studied. First, according to the '
characteristics of the system, a network structure based on the regression I
probability distribution is proposed, second, a loss function is constructed. 2 0
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The results show that the trained model can realize the positioning of multiple

and single intrusion points.

Index Terms—Fiber optical sensor, Sagnac interferometers, position measurement, deep learning

|. Introduction

Iber optical vibration sensor can be applied to pipe intrusion,

pipeline leakage, perimeter security, structural health
(including bridges, tunnels, slopes, railways and so on.), cable
partial discharge, and intelligent wear, etc., is being received
more and more attention[1-9]. Fiber optic vibration sensor can
be divided into three types: point sensor[1-4], quasi-distributed
sensor[5-6], and distributed sensor[8-9]. Compared with point
fiber optical sensor, distributed fiber optical vibration sensor
can measure vibration at any position, which has attracted more
and more attention.

Distributed fiber optical vibration sensing mainly has two
types: scattering type and interference type[9-10]. The
distributed fiber optical vibration sensor based on scattering has
the characteristics of high spatial resolution, but its
disadvantages are obvious, such as needs high-speed data
acquisition card, multiple measurements to improve SNR
(signal-to-noise ratio), complex technology to improve
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dynamic response capability, which greatly increases the cost
of the system.

The interferometric distributed fiber optical vibration sensor
is mainly based on MZI effect or Sagnac effect. The distributed
fiber optical vibration sensing technology based on MZI needs
a narrow linewidth light source, which improves the cost of the
system and the requirements of the application environment,
and affects the stability of the system. In order to obtain the
disturbance position, a dual MZI structure is proposed[11-12],
which not only increases the demand for the number of optical
fibers, but also requires a reference optical fiber which is not
affected by the disturbance signal, which increases the
construction difficulty of the system. At the same time, in order
to improve the positioning accuracy of the system, high-speed
acquisition card is needed, which further increases the cost of
the system. Sagnac distributed optical fiber sensor uses the
interference of two beams with zero optical path difference to
realize the detection of intrusion signals[13]. Therefore,
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broadband incoherent light sources can be used, which greatly
simplifies the structure of the system, reduces the cost of the
system, and increases the stability. At the same time, Sagnac
distributed optical fiber sensor has a higher response frequency
than the scattered distributed optical fiber sensor, however,
when intrusions occur at multiple points at the same time, the
interferometric distributed optical fiber sensor has difficulty in
positioning. Of course, we think that the performance of ¢-
OTDR may also be affected by multi-point disturbance.
Because the signal reflected from the far end will be modulated
by the disturbance signal from the near end, these disturbances
are also superimposed together.

In distributed Sagnac optical fiber sensor, the positioning
technology mainly include notch frequency method[14-17],
phase ratio method[18-20] and time correlation method[21].
Phase ratio method is to use different wavelength [18-19] or
carrier [20] to construct two sets of sensor systems with unequal
optical path, and to realize disturbance location by dividing the
interference signals of two frequencies or wavelengths. In time
correlation method[21], two independent interference optical
paths are constructed, and the phase of the two optical signals
is processed and then the correlation operation is performed to
obtain the delay difference, so as to realize the location of the
intrusion. The notch frequency location method is based on that
the amplitude of the phase difference function is related to the
cosine function of the product of the intrusion position and the
intrusion signal frequency, so the power spectral density curve
of phase difference will be equal to zero at some frequencies,
which is the principle of notch frequency location. Of course,
the above three methods can only realize the location of single
point intrusion. Therefore, in order to realize simultaneous
location of multi-point intrusion, a scheme combining Sagnac
and OTDR based on pulse light is proposed in [22].

For the location method based on notch frequency, when
there are intrusions at different positions of the sensing fiber at
the same time, the notch frequency is not a linear addition of
the notch frequencies determined by a single intrusion signal,
but the result of the combined action of all intrusions location.
As a result, it is impossible to establish the mathematical
relationship between the intrusion position and the notch
frequency. Therefore, it is difficult to locate the intrusion of the
system when multiple positions are disturbed at the same time.
In this letter, the location problem under multi-point intrusion
is studied.

IIl. THEORETICAL ANALYSIS

Fig.1 is the system structure of the linear Sagnac distributed
optical fiber sensor. In Fig.1, BBS is Broad bandwidth source,
A/D is Analog-to-digital, PD is photodetector, FRM is Faraday
rotator mirror.

3X3 3dB
@_ couplerB coupler i FRM
< L; 9.
E TR

2]

Fig.1. The system structure of the linear Sagnac distributed optical fiber
sensor.

In Fig.1, there are four light routes in the system, but only two light
paths with 0 optical path difference (OPD) can interfere with each
other due to the very small coherent length of the broadband light
source. They are

II: A-B-D-E-F-E-D-C-A

II: A-C-D-E-F-E-D-B-A

Where, The E point is the position of the j;, intrusion on the sensing
optical fiber, the distance from E to F (the position of FRM) is recorded
as intrusion position L. Presuming j, intrusion signal is

fi(®) = X Bj; sin(wg;t) )]

Where, Bj; is the amplitude of frequency w,;. Therefore, the phase

difference caused by the j,, intrusion signal can be written as
Af; x 0;,(t) — 0;3(t) = X Bji[sin wsi(t - le) +
sin (Usi(t — sz) —sin (L)Si(t - Tj3) — sin (l)si(t - Tj4)] (2)

Where, 74 is the time of light from A through B, D to E, 7, is the
time of light from a through B, D, E, F to E, 7;3 is the time of light
from A through C, D to E, 7, is the time of light from A through C,
D,E,FtoE,

AG; o« 43, B;; cos (wsi niSj) sin (%nTLd) * cos (a)sit -
~ g, )

Where, 1 is the refractive index and c is the speed of light, L; =
Tj3 — Tj is the length difference between two arms of unbalanced
MZI (Mach-Zehnder interferometer), at the same time, a delay fiber is
added at the end of the sensing fiber to make L; < Lg;.7, = Tj; +
Tj4 is the time it takes for light to travel around the sensing system.

When there is only the j; intrusion, the relationship between the
notch frequency and the intrusion position can be obtained from

cos (wsi niSj) =0, s0,
2k-1 ¢
sz - Tnfsk (4)
Or
1 ¢
SI T 2naf ®)
Where, k = 1,2,3, ... is the order of notch frequency, Af; =

fs(k+1) - fsk~
When there are only two intrusions, the phase difference can be
written as follows

Lgj ;
AB o« 4%3 3 Byj cos (wsi n%) sin (%n—id) ‘ cos (wsit -
1
E(‘)si‘[t (6)
If these two intrusions are exactly the same, (6) can be written as
AB x 8AY; B;cos (a)sinM “cos (wsinm) .

2c
. si NL 1
sin (an—cd) * cos (wsit - ;a)sirt) @)
Therefore, there will be two sets of null frequencies, which are
2k-1 c
fsie = —— (®)

2n Lgi+Lgy
2k-1 c
fsox = TR ©

It can be seen from (8) and (9) that the notch frequency is not
determined by the single-point intrusion position separately, but by the
multi-point intrusion position. If the two intrusions are different, the
relationship between the intrusion position and the notch frequency
cannot be obtained.

For three or more intrusions, the phase difference can be written as:
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Lgj ;
A < 4Y;Y,;B;j cos (wsi %) sin (ﬁ%) - cos (wsit -

2
Syt (10)
Therefore, whether the intrusion signal is the same or not, the
relationship between the intrusion location and the notch frequency
can’t be obtained.
In these cases, how to locate the intrusion? This paper
proposes a location technology based on deep learning.

I1l. DEEP LEARNING MODEL BASED ON REGRESSION
PROBABILITY DISTRIBUTION

Deep learning is a branch of machine learning. Using
machine learning technology can solve some problems that are
hard to be solved by artificial design and deterministic
programs. Generally speaking, the task of machine learning is
to make the machine learning system learn how to deal with
samples. Samples refer to the set of quantitative features we
collect from the objects and events we want the machine
learning system to process.

Assuming that there is a intrusion at every point on the
sensing fiber, every position is a intrusion point. Therefore, the
prediction of the model should include every possible position
and output the confidence level of the intrusion at that position.
The confidence level can be understood as the probability of
intrusion in a certain position of the sensing fiber. Obviously,
those positions with high confidence level are the positions
where the actual intrusion occurs. However, the intrusion
location is a continuous value, it is unrealistic to estimate every
possible intrusion location. So, in this paper, we establish the
regression probability distribution model. The intention of this
model is to try to locate the intrusion on the sensing fiber from
the perspective of classification problem. Therefore, firstly, the
sensing optical fiber is divided into several equal length
continuous segments, and then the model is used to predict the
probability of intrusion in each segment. If the probability of
intrusion in a segment is obviously higher than the normal level,
it is considered that there may be intrusion in this segment.

The model is a fully connected neural network with one input
layer, one dropout layer, one output layer and multiple hidden
layers. The input vector x of the input layer is the notch
frequency extracted from the power spectrum of the phase
difference function. The hidden layer is a number of fully
connected layers with more neurons, the hidden layer uses
function ReLU (Rectified Linear Unit) as the activation
function. The output layer uses function Sigmoid as the
activation function. The dropout layer was added before the
output layer to prevent overfitting and increase the reliability of
the model when processing unknown data.

The output vector y oy of the output layer is related to the
division of interval segments, and its length is equal to the
number of segments. Output vector Y.o,s is a probability
distribution along the sensing fiber, the length of y.oy,f is equal
to the number of segments. Output vector Y.,y contains the
confidence level conf; of each segment, for example, [0.0, 0.1,
0.95, 0.05, 0.01, 0.16, 0.78, 0.01] indicates that the whole
sensing fiber is divided into eight segments, and the model

predicts that there is a large probability of intrusion in the third
and seventh segments. The confidence level conf, is
normalized by the activation function (here we use sigmoid
function) of the output layer to (0,1). The label when training
the model is the actual intrusion position vector ¥, for example,
[14000, 35000, 56000] indicates that there are three actual
disturbed positions, and the distances from the FRM are 14km,
35km and 56km respectively. Intrusion position vector y and
output Vector Y, are fed into a custom loss function to
calculate the loss, thereby training the model.

In order to calculate the loss function, the intrusion position
vector J is transformed into the probability distribution form
label yy, s corresponding t0 Yeon s, indicating whether there is
intrusion in each segment.

The definition of label .y is as follows:

- 5112
label;ony (k; §) = max(exp (—2.3 « L=20men@oby) - (1)
13

Where J; is the value of the i;;, element in the original label
representing the location of the intrusion, that is, the position of
the i, intrusion. Segment(y;) represents the sequence
number of the interval segment corresponding to ¥;, and the
function max () calculates the maximum value of all Gaussian
distribution functions centered on J; in the k,;,, segment.

The loss function is defined as follows:

Loss(yconf' 5’\) = Zlk(=1 - {[a ’ labelconf(k;y\) + ﬁ] *

[ labelconf(k; ) _yconf(k)]z} (12)
In (12), the a and 8 parameters impose different weights on
the loss of judgment errors in different segments, specifically,
when the label has a larger value (that is, the segment close to
the intrusion), a relatively heavier penalty is imposed when the
error is judged. Because the number of disturbed segments in
the training process is generally much smaller than the total
number of segments, that is, the positive and negative examples
are seriously imbalanced, which leads to training difficulties.
The purpose of @ and S is to adjust the relative punishment size
when judging the positive and negative examples wrong, so as
to reduce the training difficulties caused by the imbalance of the
positive and negative examples. Of course, there is no absolute
distinction between positive and negative examples after
introducing the label,,s in the form of probability distribution,
but the model will tend to improve the prediction accuracy near
the intrusion location. Y.,y (k) represents the confidence level
of the k-th segment predicted by the model.

The network structure is shown in Table 1.
TABLE |
MODEL OF TEGRESSION PROBABILITY DISTRIBUTION

Nr  Layer(Type) Activation Input Shape Output Shape Params

1 input_layer (Input) (None, 15)

2 dense 1 (Dense) ReLU (None, 15) (None, 64) 1024

3 dense 2 (Dense) ReLU (None, 64) (None, 128) 8320

4 dense_3 (Dense) ReLU (None, 128) (None, 256) 33024
5 dense_4 (Dense) ReLU (None, 256) (None, 512) 131584
6 dense 5 (Dense) ReLU (None, 512) (None, 1024) 525312
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7 dlr)op out_I (None, 1024)(None, 1024) 0 Randomly generate the location of one,
(Dropout) . . two. and three-point intrusion
8 output_layer Sigmoid (None, 1024)(None, 400) 410000
(Dense)

In the data set used in this paper, each sample is the null
frequency vector simulated by (10). In the data set, the null
frequency vector of each sample has the same length M. When
the number of notch frequencies is greater than M, the first M
elements are taken as the notch frequency vector. When the
number of notch frequencies is less than M, zero is added to the
end of the sequence until the length of the sequence is equal to
M. In the data set, if the number of actual intrusion points is N,
then the length of disturbing position vector is N, if there are
different numbers of intrusion points in the data set, the
maximum number of intrusion points N,,,, is taken as the
length of intrusion position vector, and the intrusion position
vector whose length is less than N, is filled with zero to
Ninax -

Before feeding the data into the deep learning model for
training, the data needs to be preprocessed. Experience has
shown that a normalized and evenly distributed data set can
cause the loss function to converge more quickly. The samples
whose input scale is obviously different from the mean value
will make the sample distribution extremely uneven. First, these
over-standard samples are removed from the data set, and then
the vectors of the samples and labels are sorted and normalized.

The specific algorithm flow chart is shown in Fig.2.

The parameters of the distributed Sagnac optical fiber
sensing system are as follows:

Sensing optical fiber length (the distance from D through E
to F) L =100km , fiber delay line length L; = 10km,
refractive index of optical fiber n = 1.46, the sampling rate of
the system fs = 41096Hz.

The position of the disturbation point used by each sample is
randomly generated, and its distance is uniformly distributed.
According to the model shown in Table 1, the sensor fiber is
divided into 400 consecutive equal-length segments. If the total
length of the line is 100 km, the length of each section is 250 m.

When training the model, samples randomly generated by
simulation under 20,000 sets of 2 intrusions and 35000 sets of
3 intrusions were used as data sets. After removing the samples
that are not suitable for training the model (the number of notch
frequencies extracted <4, accounting for about 5% of the total
number of samples) and corresponding preprocessing, 80% of
these samples are randomly selected as the training set, 10% is
the verification set, and the remaining 10% is the test set. For
the loss function during training, the custom loss function
shown in (12) is used, and o in (11) is set to 5, a in (12) is set
to 0.99, and B is 0.01. When the loss function tends to be flat,
the model training is completed.

A4

According to Eq.10, the power spectral density
of the signal is generated by MATLAB

A4

The notch frequency vector is generated by the
power spectral density and preprocessed

A4 A4

Generate input and output vector ]

]

[ Feed to deep learning model ]

v
[Forward propagation to predict the location of intrusion points ]

A4

Evaluate the model according to Eq.12, and update
the model according to the evaluation results

Is loss value low
enough and stable

[ Obtain a well-trained deep learning model ]

Fig.2. Algorithm flow chart

When intrusion position vector y=[1.5187e4, 5.7786¢4, 0e4],
the power spectral density of phase difference is shown in Fig.3.

-20

-40

-60

2 .80
-100

-120

-140 : : : :
0 0.5 1 1.5 2 25
Frequency (Hz) %107
Fig.3. Power spectral density of phase difference when = [1.5187¢4,
5.7786¢4, Oc4]

Input the notch frequency vector obtained from Fig.3 into the
trained deep learning model, and the positioning result shown
in Fig.4 can be obtained, the positioning results is [1.5¢e4, 5.8¢4,
0].
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Fig.4. Positioning results output by the deep learning model when y=
[1.5187e4, 5.7786¢4, Ocd]
When intrusion position vector ¥y =
[1.5794e4,7.1357¢4,8.4351e4], the power spectral density of
phase difference is shown in Fig.5.
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Fig.5. Power spectral density of phase difference
[1.5794e4,7.1357¢4,8.4351e4].

Input the notch frequency vector obtained from Fig.5 into the
trained deep learning model, and the positioning result shown
in Fig.6 can be obtained, the positioning results is [1.55e4,
7.075¢4, 8.45¢4].
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Fig.6. Positioning results output by the deep learning model when y=
[1.5794¢4,7.1357¢4,8.4351e4].

When intrusion position vector hY% =
[3.9321e4,7.005¢4,9.3482e4], the power spectral density of
phase difference is shown in Fig.7.
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Fig.7. Power spectral density of phase difference when J =

[3.9321e4,7.005¢4,9.3482¢4].

Input the notch frequency vector obtained from Fig.7 into the
trained deep learning model, and the positioning result shown
in Fig.8 can be obtained, the positioning results is [3.95¢4,
6.975¢4, 9.325¢4].
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Fig.8. Positioning results output by the deep learning model when y=
[3.9321e4,7.005¢4,9.3482e4].
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Fig.9. Power spectral density of phase difference when = [2.0e4, 3.0e4,
5.0e4].

Next, test with some data not in the test set. When intrusion
position vector = [2.0e4, 3.0e4, 5.0e4], the power spectral
density of phase difference is shown in Fig.9.

Input the notch frequency vector obtained from Fig.9 into the
trained deep learning model, and the positioning result shown
in Fig.10 can be obtained, the positioning results is [2.0e4,
3.05¢4, 5.0e4] or [2.0e4, 3.05¢4, 4.825¢4].
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Fig.10. Positioning results output by the deep learning model when y=
[2.0e4, 3.0¢4, 5.0e4].
When intrusion position vector y= [3.0e4, 4.0e4, 5.5¢4], the
power spectral density of phase difference is shown in Fig.11.
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Fig.11. Power spectral density of phase difference when y= [3.0e4, 4.0¢4,
5.5e4].

Input the notch frequency vector obtained from Fig.11 into
the trained deep learning model, and the positioning result
shown in Fig.12 can be obtained, the positioning results is
[2.975e4, 4.025¢4, 5.55¢e4] or [2.975¢e4, 3.875¢e4, 5.55¢e4].
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Fig.12. Positioning results output by the deep learning model when =
[3.0e4, 4.0e4, 5.5¢4].

Therefore, whether it is the data in the test set or the data
added later, the trained deep learning model can achieve
positioning.

Finally, the intrusion experiment is carried out. Because there
is only one fiber stretcher, we only do a single point intrusion
experiment. In the experiment, a fiber stretcher (PZ2-SMF2-
APC-E produced by OPTIPHASE) is connected at about 22km
away from FRM, the power spectral density of phase difference
measured in the experiment is shown in Fig.13.
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Fig.13. The power spectral density of phase difference measured by
experiment.

From (5), we can get Ly = 22.328km. From (4), we can get
Ly = 22.669km.

Input the notch frequency vector obtained from Fig.13 into
the trained deep learning model, and the positioning result
shown in Fig.14 can be obtained, the positioning results is
[2.225¢e4, 0, 0].

Pos:22.25

0 20 40 60 80 100
Position(km)

Fig.14. Positioning results output by the deep learning model when using the
notch frequency vector obtained from Fig.13.

Therefore, the positioning results based on the deep learning
network propsed by this paper are close to the positioning
results based on notch frequency.

IV. CONCLUSION

Aiming at the predicament of the positioning method based
on notch frequency under multi-point disturbance, this paper
proposes a positioning method based on Sagnac distributed
optical fiber sensing under multi-disturbance conditions based
on deep learning. Aiming at the characteristics of Sagnac
distributed optical fiber sensing, this paper proposes a deep
learning network based on regression probability distribution
model and defines the loss function of Gaussian distribution.
The results show that the proposed deep learning model can
realize the localization of multi-point and single point intrusion.
In order to further improve the accuracy of disturbance
positioning, the number of segments of the sensing fiber can be
increased, but this requires a computer with better performance.
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