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Abstract: For the problem that the linear scale of intrusion signals in the optical fiber pre-warning 
system (OFPS) is inconsistent, this paper presents a method to correct the scale. Firstly, the intrusion 
signals are intercepted, and an aggregate of the segments with equal length is obtained. Then, the 
Mellin transform (MT) is applied to convert them into the same scale. The spectral characteristics are 
obtained by the Fourier transform. Finally, we adopt back-propagation (BP) neural network to 
identify intrusion types, which takes the spectral characteristics as input. We carried out the field 
experiments and collected the optical fiber intrusion signals which contain the picking signal, 
shoveling signal, and running signal. The experimental results show that the proposed algorithm can 
effectively improve the recognition accuracy of the intrusion signals. 
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1. Introduction 

With the increasing demand of security in the 

fields of borders and oil pipelines, the optical fiber 

pre-warning system (OFPS) has attracted growing 

attention [1–3]. The optical fiber sensor has many 

advantages, such as anti-electromagnetic 

interference, good electrical insulation, passive 

sensors, high sensitivity, wide measuring range, and 

strong adaptability to various environmental 

conditions [4, 5]. With these characteristics, it is 

widely used in the OFPS to realize the intrusion 

information collection. The OFPS exploits the 

laying of the underground cable to detect and 

identify the external intrusion signals so that it can 

obtain the place and time of the occurrence of the 

abnormal event. Extracting the effective features to 

improve the recognition performances is a key 

technique in identification [6]. 

In recent years, the methods for feature 

extraction of optical fiber intrusion signals are 

mainly studied from the views of the time and 

frequency domains. Reference [7] proposed the 

threshold-crossing rate algorithm to extract time 

domain characteristics of the collected signals. 

However, this method is ineffective for non-linear 
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system. Reference [8] also proposed a robust 

method to identify the optical fiber intrusion, which 

extracted the time-domain characteristics of the 

signals as inputs into the neural network for training 

and recognition. However, the adaptive threshold is 

almost decided by experience without definite 

mathematical reasoning. References [9, 10] analyzed 

the intrusion signals from the frequency domain. 

Reference [11] proposed a 3-layer back-propagation 

artificial neural network (BP-ANN) to determine 

and identify the feature samples, which extracted the 

time-frequency domain characteristics of the signals 

as inputs. It was found that intrusions could be 

recognized clearly in a period less than one tenth of 

that by conventional dynamic time warping, and it 

has a merit of mitigating influence of environmental 

noises. After data processing, it was found by 

observation that there existed different scales among 

the collected signals, which posed a challenge for 

the extraction of characteristics effectively and 

further reduced the recognition rate. 

The issue of scale exists not only in the OFPS, 

but also in many other areas such as image matching 

and radar target recognition. Conventional methods 

for matching image show well performance in 

solving the problem of image translation, but it is 

not correct for the case of rotation and scaling. To 

solve the problem, [12–14] proposed a matching 

algorithm based on the Fourier-Mellin transform, 

which can improve the recognition accuracy 

significantly. For radar target, there appears large 

scale inconsistence among the radar waveforms 

acquired in a scan cycle, which has an impact on 

radar target recognition. References [15–17] adopted 

the Mellin transform (MT) to eliminate this 

influence on recognition, which was caused by scale 

difference of the radar signal. The above literatures 

showed that the MT could solve the problem of 

scale inconsistency and improve the recognition rate. 

Inspired by its applications in these fields, the MT 

can be used to solve the scale transformation 

problem in the OFPS. 

In this paper, the MT is applied to correct the 

scale of the optical fiber intrusion signal for the first 

time, and a recognition method based on the MT is 

proposed, which can be divided into two parts: scale 

correction and BP neural network. In the scale 

correction, we firstly pre-process the signals to 

obtain an aggregate of the segments with an equal 

length. Then, the MT is applied to convert them into 

the same scale. Herein, the signals with the 

consistent scale are obtained, which can guarantee 

the identification accuracy for the next step. Among 

the intrusion signals in each type, the randomness of 

the intrusion signals leads to the existence of signal 

shift transformation in the time domain, which has 

an impact on identification. In order to solve the 

problem, the Fourier transform is applied to obtain 

the spectral information while removing the delay 

effect. Finally, we take the spectral characteristics 

obtained by the Fourier transform as input to BP 

neural network for identification. Finally, we 

conduct a field experiment and use the proposed 

method to analyze the collected data in detail. The 

experimental results show that the algorithm can 

solve the problem of linear scale inconsistency and 

reduce the impact caused by time delay. Moreover, 

the signal recognition rate is obviously improved in 

the research of the intrusion signal identification of 

the OFPS. 

The paper is organized as following. In Section 2, 

we introduce the scale correction method for signals 

based on the MT. The details of intrusion signal 

recognition algorithm are described in Section 3. 

The experimental analysis of the actual data is given 

in Section 4. Finally, the conclusion is provided in 

Section 5. 

2. Correction method for signal scale 
based on MT 

The flow chart of signal scale correction based 

on the MT is shown in Fig. 1. Firstly, the only 

template is selected from each specific type of 

intrusion signals, that is, one template corresponds 



                                                                                             Photonic Sensors 

 

222

to one type of data. Then, the template and signals 

are pre-processed to realize de-noising. Thirdly, the 

energy between the template and signals is 

compared to select the segment to be converted. 

Finally, the MT is applied for the selected signals to 

obtain the signals with the consistent scale. 
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Fig. 1 Flow chart of signal scale correction based on the MT. 

2.1 Selection of the segments to be converted 

Firstly, the intrusion signals are intercepted, and 

an aggregate of the segments with an equal length 

which contains the whole intrusion information is 

obtained. The temporal resolution of each segment 

is 1 ms. Moreover, the template is selected from the 

aggregate of segments to make all the segments with 

the same scale as the template. Then, band-pass 

filtering is performed on all intrusion signals for 

de-noising. We compare the energies of the signals 

and template to select the segments which need to be 

converted by setting the threshold. For the segment 

which meets the threshold, the scale correction 

method based on the MT is adopted to convert the 

scale of signals. 

2.2 Scale correlation method on intrusion signals 

The scaling correction method based on the MT 

is shown in Fig. 2. Assume that the initial collected 

optical fiber signals are 1 ( )s t  and 2 ( )s t , wherein 

t  presents time. There exists the scale factor 

between 1( )s t  and 2 ( )s t  which is a , and the 

relationship between two signals can be expressed as 

follows: 

2 1( ) ( )s t s at= .             (1) 
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Fig. 2 Flow chart of the MT. 

Firstly, 1 ( )s t  and 2 ( )s t
 
are performed 

logarithmic interpolation on the time axis，and the 

signals become 1 (lg )s t  and 2 (lg )s t , which are 

closed to discrete signals. Thus, the relationship 

between 1 ( )s t  and 2 ( )s t  in the logarithmic 

coordinate system is as follows: 

2 1

1

(lg ) = (lg )

(lg lg ).

s t s at

s t a= +
          (2) 

Equation (2) can be equivalent as 

2 1( ) ( )s x s x + A=             (3) 

wherein 
= lgx t                  (4) 
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= lg .A a               (5) 

Herein, the relationship between 1 ( )s t  and 

2 ( )s t  is transformed into (3), which exists the 
translational amount, A , after the logarithmic 
interpolation. It indicates that the scaling can be 
solved by the translation invariance of the Fourier 
transform. 

A classical technique for frequency analysis is 
the Fourier transform. The signals, 1 ( )s x  and 

2 ( )s x , are presented in the frequency domain, which 
can be written as follows: 

j
1 1( ) ( )e xF s x dxωω

∞
−

−∞

=           (6) 

j
2 2

j
1

( ) ( )e

( )e .

x

x

F s x dx

s x A dx

ω

ω

ω
∞

−

−∞

∞
−

−∞

=

= +




       (7) 

There exists time shift characteristic in the 
Fourier transform, which can be expressed as 

( ) ( j )f t F ω↔             (8) 

0j
0( ) ( j )e tf t t F ωω ±± ↔         (9) 

where 0t  is the translation amount. With this 
characteristic, 1( )F ω  and 2 ( )F ω  have the 
following relationship: 

j
2 1( ) ( )e AF F ωω ω= .           (10) 

Equations (3) and (10) show that the translation 
in the time domain causes the phase changes of the 
signal in the frequency domain, which can be 
written as follows: 

j1

2

( )
e

( )
AF

F
ωω

ω
−= .           (11) 

The Fourier inverse transformation of phase 
difference is applied to obtain a pulse function.  
The peak position of this function is the translation 
of 1 ( )s x  and 2 ( )s x , A . The Fourier inverse 
transformation is as follows: 

j j1
( ) e e

2

( ).

A xf x dx

x A

ω ω

π
δ

∞
−

−∞

=

= −

         (12) 

Translation amount, A , is the scale factor 

between 1 ( )s t  and 2 ( )s t  in logarithmic 

coordinates, which can be restored to the scale factor 

in the rectangular coordinate:  
eAa= .               (13) 

Since there exists a slight difference of scale 

among the signals with the same type when being 

disturbed by outside interference, we define the 

threshold of the scale factor which is a1 < a  < a2 
according to the priori information for selecting the 

signals that need to be converted. Finally, the signals 

are transformed according to the scale factor a , and 

the signal with the consistent scale is obtained by 

removing the effect on identification caused by the 

scale inconsistency. 

3. Spectral characteristics-based recognition 
algorithm for OFPS 

3.1 Spectral characteristics extraction based on 
the Fourier transform 

Among the optical fiber intrusion signals in each 

type, the randomness of the intrusion signals leads to 

the existence of signal shift transformation in the 

time domain. So the initial time of the intrusion 

signal in each segment is different. The BP neural 

network is a classical algorithm for classification. In 

the BP neural network, the neurons between the 

layers realize an entire connection, that is to say 

each neuron of the next layer realizes weight 

connection with each neuron of the previous layer, 

and all neurons of each layer are not connected 

mutually. The learning process of the BP neural 

network is forward-propagating, namely providing 

the input information, and then forward propagating 

the input information is onto the hidden nodes of the 

hidden layer through the input layer. Finally, by 

operating the activation function of each cell, the 

output information of the hidden nodes is 

propagated to the nodes of the output layer, and then 

the actual output value of each cell is obtained. With 

these characteristics, the BP neural network cannot 

realize weight sharing, which causes some difficulty 

in identifying the signals with the scale 

inconsistency. Therefore, the Fourier transform is 
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applied for signals to eliminate the effect of the 

translational transformation before classification. 

Assume that the optical fiber intrusion signals, 

3 ( )s t  and 4 ( )s t , which exist translational amount, 

1t , can be expressed as follows:  
3 4 1( ) ( )s t s t t= − .           (14) 

Herein, the spectrums of them are the same, as 

shown in the following equation: 

( ) ( )3 4F Fω ω= .           (15) 

Therefore, features obtained by the Fourier 

transform have translational invariance, which can 

effectively solve the identification problems. 

3.2 Identification method of the BP neural network 

The BP neural network can be divided into three 
parts which are the input layer, hidden layer, and 
output layer. The BP network used in this paper, as 

shown in Fig. 3, includes 128-dimensional input, one 
hidden layer which contains 16 neurons, and 
3-dimensional output. Sigmoid function is selected 

as non-linear excitation function of the hidden layer 
and the output layer node. 

The spectrum characteristics obtained in Section 

3.1 are sent into the BP neural network for training 

and classification. 

Hidden layer 3-dimensional 
output

...

(16 neurons)

...

128-dimensional 
input
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z16

Vij Wjt y1

yt
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Fig. 3 BP neural network structure. 

4. Experimental simulation and results  

4.1 Scale correction results and analysis 

We carried out the field experiments and 

collected the optical fiber intrusion signals which 

contain the picking signal, shoveling signal, and 

running signal. The intrusion signals are intercepted, 

and an aggregate of the segments with an equal 

length is obtained which contains the whole 

intrusion information. Firstly, it is verified whether 

there is scale transformation in the intrusion signal 

part of these data, then the MT is used to correct the 

scale of them, and the signals with the same scale 

are obtained. 

The template is selected from the aggregate of 

signals, and then the MT is used for all of the signals. 

The scale scaling factor values between template 

signals are shown in Table 1. 

Table 1 Scaling factor. 

 Intrusion type a  

Type 1 Picking 1.297 

Type 2 Shoveling 1.149 

Type 3 Running 1.193 

 

The waveform comparison between the selected 

template signals is shown in Fig. 4, where 1L  is the 

length of the template, and 2L  is the length of 

signals. It can be seen from Fig. 4 that the length of 

the intrusion signal for each type is not equal, which 

proves that the same type of signal exists scale 

inconsistency. We define the threshold of scale 

factor which is 0.5 < a  < 2 according to the priori 

information for selecting the signals that need to be 

converted. The above signals are processed by the 

scale correction method, and the MT is applied to 

convert the template and signals to the same scale. 

The results are shown in Fig. 5. After this, the 

template and signals have the same length, 1L .    

It illustrates that signals which belong to the   

same type can be effectively converted to the   

same scale by the scale correction method. The 

effect on the recognition of the optical fiber 

intrusion signal caused by the scale inconsistency is 

eliminated, and the translation invariant feature is 

obtained. 
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Fig. 4 Scale of pre-correction signals: (a) picking, (b) shoveling, and (c) running. 
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Fig. 5 Scale of corrected signal: (a) picking, (b) shoveling, and (c) running. 

4.2 BP neural network classification results and 
analysis 

The Fourier transform is applied for the three 

kinds of intrusion signals, and the spectrum 

characteristics are sent into the BP neural network 

for classification. 

The training error is given after 90 times cycle 

iteration of training samples as shown in Fig. 6. It 

can be seen from Fig. 6 that the training error of 

corrected signals is lower than the pre-correction 

signals, and its descent speed of error is faster than 

the pre-correction signal when the BP neural 

network is iteratively trained with the same number 

of times. It indicates that the network generalization 

ability is improved because of using the correction 

method. It is proved that the obtained spectral 

characteristics in this paper can improve the 

recognition performance. 

 
Fig. 6 Training error. 

Then, 50 samples of signals in each type are 

selected for testing. Figure 7 shows the 

identification results obtained by the three types of 

signals. As can be seen, the recognition rate of these 
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three types of signals is increased by 4%, 10%, and 

12%, respectively. It is shown that the correction 

algorithm can effectively improve the recognition 

accuracy while adapting to the practical application. 
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Fig. 7 Signal recognition rate. 

5. Conclusions 

In this paper, we propose a correction method 

for correcting the scale of intrusion signals in OFPS. 

In this method, the same kind of signal is adjusted to 

the same scale by using the MT, and the 

characteristics with the consistent scale are put into 

the BP neural network for classification and 

recognition. The experimental results show that the 

application of the proposed method can solve the 

problem of scale transformation, and the recognition 

rate of the optical fiber intrusion signal is increased 

by 4%, 10%, and 12%, respectively. This scale 

correction method may also be applied for the 

further research on the detection and identification 

of the optical fiber intrusion signal to improve the 

performance. 
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