
NOVEL SIGNAL PROCESSING TECHNIQUES FOR FIBER OPTIC

DISTRIBUTED ACOUSTIC SENSING

by
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Prof. Ali Serpengüzel for the critical reading of the dissertation.

I am deeply thankful to my children Zeynep and Emre for the enjoyment that

they brought to my life. They deserve special recognition for their patience during my

tough times.

I thank my beloved wife Piraye for her efforts to cheer me up when I was down.

And finally, I thank God for all the wisdom and the opportunities He gifted

through my life.



vi

ABSTRACT

NOVEL SIGNAL PROCESSING TECHNIQUES FOR

FIBER OPTIC DISTRIBUTED ACOUSTIC SENSING

In this thesis, to reduce the effect of noise in phase-sensitive optical time domain

based (φ-OTDR) distributed acoustic sensing (DAS) systems, two novel approaches

are proposed and a real experimental φ-OTDR system is developed for validation.

The first approach is the temporal adaptive processing of φ-OTDR signals which is

based on maximizing the signal-to-noise ratio (SNR) at the output of an adaptive

linear filter. When the vibration frequency of interest is known a priori, it is called

the adaptive matched filter (AMF). The second approach is based on the largest

eigenvalue computation of the optical covariance matrix which does not require any

prior information about the vibration frequencies. Both methods utilize the correlation

properties of the measured data. In the first method, the noise covariance matrix

is estimated to compute an adaptive weight vector for optimum linear filtering. In

the second method, the eigenvalues of the covariance matrix are computed and the

maximum eigenvalue is used as the test statistic for detecting the vibrations along

the fiber optic cable route. This so called maximum eigenvalue detection (MED)

technique is assisted by the random matrix theory (RMT) to establish the binary

detection threshold.

First, the efficacy of the proposed methods was demonstrated with Monte Carlo

simulations. In the second phase, a φ-OTDR system was developed in the laboratory to

gather real data and to verify the AMF and MED techniques with indoor experiments.

In the last phase, extensive field tests, with both buried fibers and fibers on fences, were

carried out to validate the proposed techniques in real-world conditions. The results

show that more than 20 dB of SNR values can be achieved without any reduction in

the system bandwidth and using any optical amplifier stage in the hardware.
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ÖZET

DAĞITIK FİBER OPTİK AKUSTİK ALGILAYICILAR

İÇİN YENİ SİNYAL İŞLEME TEKNİKLERİ

Bu tez çalışmasında, fiber optik dağıtık akustik sensör (DAS) sistemlerindeki

gürültünün etkilerini azaltmak için iki yeni yaklaşım önerilmiş; önerilen yöntemlerin

de geçerliliğini kanıtlamak için gerçek bir faz-duyarlı OTDR sistemi geliştirilmiştir.

Birinci yaklaşım, faz-OTDR işaretlerinin zamansal uyarlamalı işlenmesine dayanmak-

tadır. Bu yöntem uyarlamalı doğrusal bir süzgeç çıkışındaki işaret-gürültü oranının

en iyileştirilmesini temel alır ve ilgili titreşim frekansı önceden bilindiğinde uyarla-

malı uyumlu süzgeç (AMF) olarak anılır. Tezde sunulan ikinci yaklaşım ise titreşim

frekanslarının önceden bilinmesini gerektirmez ve özilinti matrisinin en büyük özdeğeri-

nin hesaplanmasına dayalıdır. Her iki yöntem de ölçümlerin özilişki özelliklerinden

yararlanmaktadır. Birincisinde, gürültünün en uygun şekilde ve doğrusal olarak

süzülmesi için gereken uyarlamalı bir ağırlık vektörünün hesaplanması için gürültü

ilinti matrisi kestirilir. İkincisinde, ilinti matrisinin özdeğerleri hesaplanır ve en büyük

özdeğer fiber güzergâhı üzerindeki titreşimlerin algılanması için test istatistiği olarak

kullanılır. En büyük özdeğer algılama (MED) yöntemi olarak bilinen bu yöntem, ikili

sezim eşiğinin tespiti amacı ile rastlantı matrisi kuramı ile desteklenmektedir.

İlk olarak önerilen yöntemlerin etkinliği Monte Carlo benzetimleri ile gösterilmiştir.

İkinci aşamada, gerçek veri toplamak, AMF ve MED yöntemlerinin laboratuvar testleri

ile kullanılabilirliğini doğrulamak amacı ile gerçek bir faz-OTDR sistemi geliştirilmiştir.

Son olarak, önerilen yöntemlerin gerçek koşullarda geçerliliğini test etmek amacı ile,

hem zemin altında gömülü hem de çit üzerindeki fiber optik kablolar kullanılarak kap-

samlı saha testleri gerçekleştirilmiştir. Test sonuçları, herhangi bir optik kuvvetlendirici

donanımı kullanmadan ve sistemin frekans yanıtını bozmadan, 20 dB’den yüksek SNR

değerleri elde edilebildiğini göstermektedir.
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1. INTRODUCTION

1.1. What is Fiber Optic Distributed Acoustic Sensing?

It has been more than 30 years that the fiber optic (FO) cables have found

usage as sensor elements in industrial applications. The revolutionary technological

advances in fiber optics have resulted in the production of various sensor devices for

measuring temperature, pressure and vibration, and development of chemical probes

[1]. These fiber optic sensors can be divided into two main types as “extrinsic” and

“intrinsic” sensors according to the location of the sensing mechanism. In the former

case, the transduction mechanism for the sensing application takes place in a remote

location and the FO cable serves as the signal conveying element from the sensor to

the processing electronics. This type of measurement can be also considered as a single

point sensor and have many uses depending on the application. Single point sensors

can be multiplexed along the length of a fiber by using different wavelengths of light

for each sensor, or by sensing the time delay as the light wave propagates along the

fiber through each sensor. In the latter case, the FO cable itself is being used as the

sensing element and owing to the capability of taking measurements at every point

along the FO cable; this type of sensing is called as “distributed sensing” [1, 2].

The concept of distributed sensing is based on measuring the scattered light

along the FO cable that depends on the physical properties of the fiber. There exist

three types of scattering mechanisms according to light intensity irradiating the fiber

material. These scattering phenomena are known as Rayleigh, Brillouin and Raman

scattering which are all suited for monitoring slow-changing parameters along the

FO cable. Rayleigh scattering is directly correlated with the wavelength of the laser

source used which is called elastic scattering. Brillouin and Raman scattering are called

inelastic scattering which shows a frequency shift in the scattered light. In fused silica

fibers, Brillouin and Raman scattering are weaker than Rayleigh scattering unless

stimulated by high input powers [1, 3].
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Among these three scattering mechanisms, in this thesis research, we focus on

the Rayleigh scattering which is the most dominant type of scattering. Rayleigh scat-

tering is caused by density and composition fluctuations created in the material during

the manufacturing process. It occurs due to random microscopic variations in the in-

dex of refraction of the fiber core. When a narrow pulse of light is launched into a

fiber, the variation in Rayleigh backscatter can help to determine the approximate

spatial location of these variations. Although being relatively insensitive to tempera-

ture, Rayleigh backscattering can still be utilized for developing a distributed sensing

technique for temperature and strain; hence, it is often regarded as a promising and

emerging technology [1].

1.2. Distributed Acoustic Sensing: Historical Perspective and

Applications

Since their initial development, both intrinsic and extrinsic sensors have been

developed as commercially available products in a wide range of industries. Among

the distributed sensing technology, distributed temperature sensing (DTS) seems to

be the most common application in the commercial sense which has wide applica-

tion in diverse areas [1, 2]. Several other uses of distributed sensing technology range

from leak detection in oil and gas pipes, monitoring high-voltage electrical distribu-

tion lines, complementary solutions for securing the borders of critical infrastructures,

onboard diagnostic tools for condition monitoring in avionics and concrete structures,

vehicle and railway traffic monitoring and seismic imaging of large scale events. These

application areas all exploit the sensitivity of the fiber optic cable to mechanical vi-

brations that induce strain changes on the fiber medium. Mechanical vibration is a

periodic displacement of the medium in which it takes place and distributed vibra-

tion sensors respond to these mechanical vibrations as they are converted to dynamic

strain changes on the sensing fiber. Apart from temperature sensing, it is quite dif-

ficult to tackle the detailed dynamics of distributed vibration sensing (DVS) - which

is sometimes used interchangeably with DAS - and the transduction mechanism how

the incoming acoustic or seismic waves impinge on the fiber gauge length.
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Figure 1.1. Distributed acoustic sensing concept.

As illustrated very basically in Figure 1.1, a DAS system consists of an inter-

rogator device which sends optical pulses to a fiber optic cable and analyzes the weak

Rayleigh backscatter. If there is an acoustic field in the surrounding medium, it causes

changes in the refractive index of the fiber which in turn modulates the phase of the

signal. The sources of the acoustic waves can be of any type, ranging from natu-

ral hazards to manmade events such as vehicle motion, and pedestrian walking. The

modulations due to these acoustic perturbations can be analyzed to detect and classify

such events at any point along the fiber. In this regard, the whole fiber optic cable

can be regarded as an array of microphones listening to the environment. The spacing

of these microphones is dependent on the interrogation parameters.

There are several governing factors influencing the dynamics of the acoustic

waves and their interaction with the fiber gauge length. The phase modulation of

the Rayleigh backscattering, hence the response of the DAS/DVS systems are often

not related to a direct and absolute measurement of a measurand, but rather concerned

with a detection of an “event”. One step further on this topic is the “classification

of the detected events” that requires advanced signal processing tasks and is perhaps

the most important issue which adds “value” to DAS/DVS systems when real-world

and commercial use is of concern. The event classification is out of our scope in this

thesis research. The most common application areas of DAS/DVS systems are briefly

explained below.
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1.2.1. Intrusion Sensing and Infrastructure Security

Intrusion detection at the perimeters of critical facilities seems to be the first

application of DAS technology according to our survey in the literature and the com-

mercial products in the market. The first application dates back to 1993 of Taylor

who introduced the use of phase-sensitive optical time-domain reflectometry

(φ-OTDR) technology for detecting intruders for perimeter security applications by

using a coherent laser source and detecting the changes in the backscattered Rayleigh

energy [4]. Taylor’s patent later triggered attention on similar applications and several

research outcomes have been published since then. Perimeter intrusion detection sys-

tems (PIDS) can be deployed either with buried fibers 0.2 – 0.4 meters deep or fibers

included with fences surrounding the critical infrastructure. Footsteps, digging activ-

ities, a vehicle approaching or passing by, or similar events can be detected at varying

proximities to the fiber installation depending on the strength of the vibration [5–7].

The reliability of PIDS systems is related to their success in correctly deciding in favor

of an acoustic event whether it is a “threat” or “benign” event. Reliable detection is

closely related to the signal-to-noise ratio (SNR): Setting a high threshold can result

in missing very weak responses which may be due to a threatening situation. Con-

versely, setting a lower threshold will probably increase the false alarm rate (FAR) of

the PIDS. These classical problems of signal processing can be alleviated by improving

the SNR of the system. Balancing the FAR and probability of miss is not only related

to the SNR of the system, but also the discrimination capability of the system between

natural events and the events predefined as threats. As an example, for fence installa-

tions, the PIDS will raise an alarm when someone is climbing the fence. This alarm is

likely to be raised due to fence movements caused by strong winds, animals, or other

natural phenomena. Shortly speaking, the credibility of the PIDS systems is highly

dependent on its digital signal processing (DSP) power in discriminating the threats

from benign events. In this regard, not only detection issues, but feature extraction

and pattern recognition methods should be taken into account in the DSP domain for

successful PIDS applications.
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It is evident that the capability of synthesizing hundreds of virtual acoustic

sensors along the full length of FO cable makes this technology an extremely efficient

method for monitoring relatively longer distances for homeland security. Other than

the PIDS applications which require relatively shorter installations, the borders of a

country or the critical pipelines in the oil and gas industries are always big demanders

of safety and security monitoring systems. Due to the longer routes ranging from

several hundreds of km’s to a thousand km long applications, the installation and

maintenance cost of the systems required for protecting these assets become very

critical. In this sense, the FO based DAS technology again provides a very cost-

effective and complementary solution for protecting the pipelines, monitoring wells

and reservoirs in the oil and gas industry [8,9]. The biggest challenge in long distance

monitoring is the handling of data depending on the number of acoustic channels

synthesized. For a 100 km long distance, the interrogation rate setting would be 1

kHz and if 5 meter separation is desired between the channels, then 20,000 channels

have to be monitored in real-time for a single installation. When several hundreds of

km’s long pipeline protection is considered, the situation about data handling becomes

more important with repetitively installed several systems. If no event is detected, then

the data has to be discarded. Concerning the huge number of channels in such long

perimeter or pipeline security applications, there is always merit in temporarily storing

the data, and considering backward off-line processing for event classification.

The placement and the protection of the sensing fiber cable itself is also a crit-

ical issue in the pipeline applications. It must be buried sufficiently deep or with

special protective installation to protect it from unwanted events such as burrowing

of animals, water running, etc. For most cases, the fiber is installed on the pipe –

either above or below- if leakage or corrosion detection is the primary objective. For

most PIDS applications, the fiber is preferably used under the ground in a shallow

manner, typically buried 30 cm below the surface. For both short perimeter and long

pipeline applications, the relevant system is expected to discriminate the human-based

threats from natural events such as animal activities in security related applications

of DAS/DVS systems.
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1.2.2. Seismic Imaging and Detection of Earthquakes

It is not difficult to foresee the opportunities of DAS systems to be used as

alternative candidates for seismometers after the applications mentioned above, since

the fiber cables are not only sensitive to external acoustic fields above the ground, they

are also sensitive to acoustic fields which can impinge on the fiber from any direction.

Hence, it is obvious that the existing optical network infrastructure established in

almost every country have a great potential to be used for research and development

of the detection of relatively large scale seismic events such as earthquakes [10–13].

Preinstalled fiber optic cables along pipelines, roads or telecommunication fibers can

provide a dense sampling of passing seismic wave fields and single-mode fiber (SMF)

cables up to several tens of kilometers can provide thousands of acoustic channels with

spatial sampling less than 10 m. Such fiber optic cable configurations may not be as

sensitive as long-period seismometers, but given a large number of sensor points along

the FO route, and depending on the array size and the distance of seismic source, even

small and medium- size earthquakes can be detected with good accuracy. One such

example is reported for the 480 km long pipeline installation in Turkey, where the DAS

sensor array along the pipeline detected earthquakes in the vicinity with magnitudes

ranging from 3.6 to 7.2 centered near Van, Turkey [14]. Due to the success of observing

such teleseismic events, several research studies and field experiments have been carried

out recently to utilize the capability of DAS for monitoring the earthquake wave-fields.

As fiber optic infrastructure is widespread, studies on this topic are receiving growing

interest and evolving with exemplifying field tests. It was demonstrated that DAS

records showed a high degree of correlation with collocated seismometers and indicated

that the DAS sensitivity is very similar at 0.8-1.6 Hz. DAS technology also enables

to gather additional information such as the direction of seismic energy with special

array configurations. Although the application of DAS in earthquake seismology is

not mature yet, it seems that it will play an important role in passive seismology and

extend the domain of seismological measurements into many un-instrumented fields.

DAS technology has great potential to provide complementary solutions for present

early warning systems and hazard prevention.
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DAS can be considered as a low-cost acquisition system for seismic profiling in

wells that already contain fiber optic cables [15]. When the dense sampling capability

of FO based DAS is compared with conventional geophones, vertical seismic profiling

with fibers is more affordable than renting and locating several geophones [16]. Several

experimental field tests have been reported in the literature for comparison of DAS

capability with conventional geophones.The current sensitivity of the DAS technology

have been reported insufficient to detect P-waves during the conducted experiments,

since the fiber optic cables are sensitive to strain along the cable length but not to the

strain perpendicular to the fiber. In addition, the SNR values observed were 40-50 dB

below to the ones achieved with geophones. Nevertheless, the DAS sensitivity could be

improved with proper SNR enhancement techniques which have never been adapted

in this application area before.

1.2.3. Structural Health and Condition Monitoring

Long term reliability and ease of installation of DAS/DVS technology to real-life

structures has also triggered applications in monitoring of cracks in concrete struc-

tures. Distributed fiber optic sensing allows potential monitoring of different types of

structures where it is possible to detect and locate not only the premature emergence

of cracks and stresses, but also their evolution and behavior [17]. Several reports have

been published regarding the potential use of DAS for structural health monitoring

(SHM) applications [18].

Integration of DAS/DVS with civil infrastructure is an active research area [19].

Several demonstrations have been carried out for monitoring buildings, piles, and

bridges. The dominating sensor type in these applications is based on fiber bragg

grating (FBG) and array processing of many FBGs which is considered as a quasi-

distributed sensing. Nevertheless, “fully distributed” sensing is a promising technology

for monitoring large areas in diverse areas of SHM.
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1.2.4. Transportation Monitoring

φ-OTDR based DAS/DVS systems have also been introduced as a way of vehicle

traffic monitoring in [20]. Since then, although there has never been an implemented

commercial application for monitoring traffic on highways, there exists efforts and

ongoing interest to evaluate this technology for tracking high-speed trains for rail-

way safety and monitoring applications [21, 22]. Since trains are relatively massive

compared to vehicles on the roadways, the vibrations induced are strong enough to

be detected by φ-OTDR systems with buried fibers parallel to the railway. Without

any complicated signal processing, and by only analyzing the received energy at every

acoustic channel, the train motion can be tracked real-time, and its speed can be easily

estimated.

1.3. Motivation and Objectives

In this thesis, our primary objective is to seek robust and efficient signal detection

algorithms for DAS/DVS applications in terms of adaptivity to real-world conditions

and sensitivity to weak vibrations. The core motivation behind this objective is due to

the limited DSP related research published for DAS applications. Although numerous

experimental research studies have been carried out, and publications for DAS are

available, according to our literature survey, most of the research is based on optical

means of signal processing rather than DSP methods. Efforts are mostly dedicated to

methods for increasing the sensing range of φ-OTDR systems and SNR enhancement.

In the first phase of our study, we focused on adapting robust signal detection

algorithms from radar theory to DAS systems. Since the system operation principles

and the surrounding environmental conditions in DAS applications resemble to a large

extent the operational principle and the clutter and interference conditions of radar

systems, we considered in many aspects, the adaptation of noise mitigation techniques

which have not been tested for DAS applications before. Thus, we started from adap-

tive techniques which have – surprisingly never – been used for such sensor systems.

The adaptive filtering technique reported in this thesis study requires the estimation of
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the noise statistics from “signal-free” assumed noise samples. In addition, the spectral

response of the target vibration is also required for optimum detection. When this

prior information is known, a matched filter structure is employed after a whitening

stage which is inherent in the proposed processing scheme. Hence, one of the main

disadvantages of the AMF is requirement of the vibration frequency information for

optimum adaptive processing. In the absence of this spectral information, a brute

force search methodology can be implemented in DAS applications at the expense of

increasing complexity and costs.

In the second phase, we adapted another technique which is based on comput-

ing the maximum eigenvalue of the covariance of the optical backscatter. Eigenvalue

based detection techniques have found applications in cognitive radio and radar ap-

plications. As a second objective in this research, we pragmatically aimed to adapt

these techniques in the temporal domain for DAS applications.

Last but not least, one of the core objectives of this thesis research was based

on experimental work with real data. Although we started to test our above men-

tioned approaches with computer simulations, a special emphasis was given to the

development of a real-world DAS system. Significant effort was dedicated for setting

up different φ-OTDR system configurations in the laboratory and conducting numer-

ous tests both indoor and outdoor test facilities. Since TÜBİTAK (The Scientific and

Technological Research Council of Turkey) BİLGEM (Informatics and Information

Security Research Center) has a well-established infrastructure with several relevant

R&D laboratories, the second core motivation in this research was to develop a real

system, and use it to validate our proposed signal processing techniques.

1.4. Organization of the Thesis

In Chapter 2, the basic detection schemes employed in Rayleigh scattering based

φ-OTDR systems are summarized. Brief information about the shortcomings of con-

ventional DSP techniques is included, and state of the art is reviewed with a sum-

mary of the literature survey on the recent DSP methods. The theoretical model for
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the Rayleigh backscattering is included with numerical implementation information.

The problem of vibration detection is described with the φ-OTDR signal model at the

end of the chapter.

Chapter 3 presents our first approach for DAS systems: the AMF technique.

The performance metric used in this thesis is introduced and the AMF algorithm is

summarized. The performance of the AMF is tested with computer simulated data

and sample results are included at the end with remarks and discussion.

Chapter 4 presents the MED technique and a constant false-alarm rate (CFAR)

threshold selection scheme. Special emphasis was given to RMT and the two main

theorems are described: Marchenko-Pastur and Tracy-Widom. These two theorems

are of utmost importance in the context of eigenvalue based detection techniques to

understand how the eigenvalues of a sample covariance matrix can be evaluated for

vibration detection in DAS systems. The threshold level for the binary decision rule is

based on the Tracy-Widom distribution which is briefly described. Similarly, the MED

technique is tested again with computer simulated data, and results are discussed.

Chapter 5 is dedicated to the introduction of the real φ-OTDR system developed,

and the first experiments which were carried out indoor for the verification of the

proposed algorithms. The system was developed within the scope of an internally

funded project by BİLGEM, called FOTAS1 which was commenced by the initiatives

of the author of this thesis. The indoor built φ-OTDR configuration was a very lean

system; it did not include any optical amplification neither at the transmit stage

nor at the receiver stage. The indoor experiments were carried out with the DAS

system connected to long fiber spools, and synthetic vibrations were induced with a

piezoelectric transducer (PZT) based phase shifter connected in between these fiber

cables. Both AMF and MED techniques were tested with real data, and results are

summarized.

1Fiber Optik Tabanlı Akustik Sensör (in Turkish)
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Chapter 6 includes sample results gathered from the field tests of the real DAS

system prototype. Two different outdoor test sites were configured in the TÜBİTAK

Gebze campus for the validation of the AMF and the MED techniques. The first

outdoor test configuration was based on an approximately 315 m long buried intranet

line, and the second test site was configured with 2.4 km long fibers installed on fences.

This second line with longer routing enabled more realistic tests as the number of

channels was increased. It was also routed in parallel to a railway line so that the

DSP methods were also tested to detect and track high-speed trains which can be

considered as a transport monitoring application.

And finally, Chapter 7 provides our concluding remarks and future prospects for

DAS systems and for our proposed signal processing approaches.

1.5. Contributions

The main contributions of this thesis work can be summarized as follows:

• The research reported here is a part of ongoing experimental work mainly fo-

cused on the investigation of adaptive signal detection methods for DAS systems.

Due to the similarity of the operational concepts of the conventional φ-OTDR

with the radar principles, the classical binary detection problem was visited with

emphasis on space-time adaptive processing (STAP) concept. STAP is an inno-

vative tool used in phased-array deployed radar systems to cancel out the clutter

and interference terms [23]. In STAP applications, due to the antenna diversity

and multiple receiver channels, the received signal is a function of both space

and time and clutter rejection techniques are employed in both Doppler and

spatial domains [23]. In our DAS application, a similar approach is applied by

considering the optical interrogator as a single receiver channel and adaptive

weight computations are done only in the temporal domain.
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• Inspired by the successful application of eigenvalue based detection techniques in

cognitive radio, the second contribution of our research is the application of max-

imum eigenvalue detection for acoustic vibration detection. The eigen-structure

of the correlation of the optically measured φ-OTDR data is exploited and the

MED technique is used for detecting acoustic vibrations. The main advantage

of the MED is that it does not require information about the frequency con-

tent of the vibration and a CFAR can be achieved with recent results from the

RMT [24]. RMT is another popular research area which studies the spectral dis-

tribution of random matrices and has gained interest in diverse fields of science in-

cluding statistical inference, applied physics, finance, cognitive radio, and radar.

In the absence of vibration for any DAS application, the received samples are pure

noise; hence, the data and the correlation matrices are pure random matrices.

In this research, the noise only assumed observations were exploited for the binary

detection problem, and we opened the door for efficient use of RMT for DAS/DVS

applications.

Briefly, the two detection approaches mentioned above and the application of

RMT, to the best of our knowledge, have been applied for φ-OTDR based DAS systems

for the first time.
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2. PHASE-SENSITIVE OPTICAL TIME-DOMAIN

REFLECTOMETRY (φ-OTDR) FOR DISTRIBUTED

ACOUSTIC SENSING

2.1. Introduction

One of the most popular approaches employed in DAS applications is based on

the analysis of Rayleigh backscattering (RBS) via φ-OTDR which is often regarded as a

promising and emerging technology [1]. In this chapter, we briefly present this common

method by describing the general detection schemes. The mathematical model for the

RBS is also visited to carry out computer simulations and to evaluate the performance

of the proposed DSP methods with simulated data.

The conventional RBS based OTDR was invented in early 1970s which is an effec-

tive technique for investigating characteristics of fiber optic cables [25].

The φ-OTDR technology that we focus in our research works very similarly to a

conventional OTDR system. In the conventional OTDR, a broadband (incoherent)

light source is used while in the φ-OTDR case narrow linewidth laser (NLL) sources

are required. In both cases, light energy is transmitted to a FO cable and the optical

RBS is analyzed in the time-domain. If a continuous wave (CW) laser is used with

pulse modulation, which is the most common method employed in φ-OTDR, the oper-

ation resembles the classical pulsed radar in many aspects. The backscattered signal

is easily associated with a position along the FO cable route with the time-of-flight

information between the sent pulses and detected backscattered signals.

In analogy to the pulsed radar case, to increase the maximum range one must

also decrease pulse repetition frequency (PRF). Besides, “the coherence length of laser

source” used in φ-OTDR is the most critical factor governing the maximum detectable

range. Coherence length of a laser defines the maximum length that waves of different

path lengths in the medium sum up coherently, to produce interference. This is of
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great importance in order to achieve phase sensitive detection. The theoretical bound

for setting the “maximum detectable range” for the fiber under test (FUT) given by

LFUT (max) = c/ (2neff∆f ) (2.1)

where neff is the refractive index of the FO cable, ∆f is the frequency linewidth of

the laser source and c is the speed of light in the vacuum. If a DAS system is to

be designed for monitoring a fiber optic line of 50 km, given that neff = 1.467, the

linewidth of the laser source must satisfy ∆f ≤ 3.108[m/s]/2×1.467×5.104[m]. Hence,

a laser source with a linewidth of at most 2 kHz should be selected.

2.2. Operational Principles of OTDR

The generic OTDR system is represented in Figure 2.1 below. The detection

techniques encountered in OTDR systems generally fall into two main classes that

employ similar architecture and hardware: direct detection and coherent detection

(heterodyning) [1, 2]. In the direct detection OTDR (DD-OTDR), the RBS signal

power is directly detected by a photo-detector, usually by an avalanche photo-diode

(APD), as depicted by dashed lines.

Figure 2.1. Schematic of the direct and heterodyne detection schemes for OTDR.
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Currently, due to its simplicity and insensitivity to the spectral characteristics

of the optical source, DD-OTDR is used by most commercial OTDR systems in fault

inspections. The other detection scheme is the above mentioned heterodyne detection

which is also called coherent detection OTDR (CD-OTDR). In CD-OTDR based sys-

tems, some of the source power is used as the local oscillator (LO) for coherent mixing

with the backscattered optical signal.

If the width of the laser pulse propagating along the fiber is τ seconds, then the

minimum distance required for distinguishing two closely spaced events along the fiber

length can be computed by ∆z = cτ/2neff . The resolving capability of the OTDR

system is called the “spatial resolution (SR)”. As the laser pulses are repetitively

transmitted along the fiber axis, the repetition rate is bounded by the monitored fiber

length LFUT which is given by PRF = c/(2LFUT .neff ) [Hz]. The number of “virtual

sensors” K, synthesized along the sensing fiber is then equal to the sensing fiber length

divided by the spatial resolution, i.e., K = b(LFUT/∆z)c where b.c denotes the floor

function.

When the FUT length to be monitored is not very long (e.g. 20 km), the strength

of the RBS is not so weak, and DD-OTDR systems are often preferred as an effective

solution due to their simplicity and low complexity compared to CD-OTDR systems.

For monitoring long distances, the signals to be detected are significantly weak

and CD-OTDR becomes an attractive solution to improve the sensitivity of the DAS

systems. The underlying principles of CD-OTDR systems can be better understood

by analyzing the system depicted in Figure 2.1. A NLL CW laser is used as the light

source. The output of the laser is split into two branches by a fused-fiber directional

coupler. One signal path is routed for transmission along the FO cable, while the

other branch is used as the optical local oscillator (OLO). The transmitted CW signal

is pulse modulated by either an acousto-optic modulator (AOM) with predetermined

pulse width and PRF values appropriate the required SR and maximum range (MR)

requirements. An electro-optic modulator (EOM) can be used instead of an AOM

according to the desired application requirements (e.g. very narrow pulse ).
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The AOM also introduces an intermediate frequency (IF) shift ωIF (typically of

a few hundred MHz) to the optically transmitted signal. Booster amplifiers at the

transmit stage or pre-amplifiers at the receiver stages might be of concern to enhance

the SNR and to increase the dynamic range of the system [26] for both detection types.

Although it is not shown in Figure 2.1, the AOM may be either preceded or followed by

a specially designed booster Erbium Doped Fiber Amplifier (EDFA), when necessary.

A low noise pre-amplifier EDFA followed by an optical band-pass filter might be of

concern at the receiver stage to improve the signal quality, especially for DD-OTDR

systems.

In the CD-OTDR systems, the backscattered signal is mixed with the reference

OLO signal by using a 2-by-2 coupler before the PD stage. After the PD circuitry,

the optical intensity denoted by I(t) will be proportional to the interference intensity

of the LO signal ELO with the backscattered signal ERBS which can be expressed as

I(t) ∝ E2
LO + E2

RBS + 2ELOERBS cos(θ(t)) cos(ωIF + ∆φ(t)) (2.2)

where, θ(t) and ∆φ(t) are the relative polarization angle and phase between the OLO

signal and the backscattered optical signal, respectively. With the assumption that the

180 degree phase shift is preserved between the arms of the coupler, a balanced photo-

detector (BPD) with perfectly matched arms will reject the direct detection component

(DC) and common mode terms. Following this further SNR improvement at optical-

electrical conversion stage, the electrical signal with the intermediate frequency ωIF

is down-converted to baseband with an electrical LO and appropriate filtering. This

stage is usually an RF in-phase & quadrature (I/Q) direct down-conversion stage fol-

lowed by an analog-to-digital conversion (ADC). The complete chain of electrical signal

processing blocks can form an ensemble of a single electrical subsystem as depicted in

Figure 2.1. The resultant baseband signal can be given by

I(t) ∝ 2ELOERBS cos2(θ(t)−∆φ(t)) (2.3)
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The differences between the direct and the coherent detection systems can be

easily deduced from (2.3). The main advantage of the heterodyning comes from the

fact that the intensity of signal of interest ( ∝ ELOERBS) will be higher than the

intensity of the signal using direct detection ( ∝ ERBS). Among all conventional

detection types used in optical systems such as the lidar and the conventional OTDR

systems, the average SNR gain in coherent detection is over 20 dB higher than that

of the direct-detection at 1 MHz detection bandwidth [26–28]. By using appropriate

OLO power, the SNR of coherent detection can be made shot noise limited for weak

signals. Therefore, coherent detection is generally dependent on changes of the state

of polarization (SOP) along the optical paths of ELO and ERBS since the amplitude

of the interference between the LO and backscattered signal strongly depends on their

relative SOP as can be seen from (2.3). This amplitude can even be zero for orthogonal

polarizations. Thus, the coherent detection setups are always very sensitive to SOP

changes, which is the main drawback of this heterodyne based detection scheme.

The final backscattered vibration signal in φ-OTDR systems is usually very weak

and has to be carefully processed. A typical φ-OTDR data received from a CD-OTDR

system with 28 km FUT length and an adjusted measurement range of 40 km is shown

in Figure 2.2.

Figure 2.2. Intensity profile of real φ−OTDR data for a 28 km long fiber cable.
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CD-OTDR frames exhibit high amplitude fluctuations due to the stochastic na-

ture of the RBS and the strength of this backscattered power decays exponentially

due to the inherent loss factor of the fiber. The backscattered power at the beginning

of the FUT is relatively much higher than that of the backscatter at the far end, thus

making the RBS based DAS system very sensitive to environmental acoustic sources

while this background impact becomes much lower at longer distances.

Figure 2.3. Relative strength of different noise sources in a φ-OTDR system

according the distance.

φ-OTDR based systems experience a degradation of signal with distance, due to

the attenuation of the fiber optic cable, which can impact sensitivity. Systems should

be tested at their maximum reach to verify worst case detection capability. Noise in

a fiber optic sensing system includes electrical noise, a number of photonics-related

noise sources (RIN: relative intensity noise/phase/shot/Rayleigh noise), and can also

include environmental or background activity noise. It is recommended by experienced

manufacturers of DAS systems that the worst case SNR must be greater than 2 for

meaningful detection and classification. For short distances typical SNR is > 20.

At 40-50 km typical SNRs are ' 2 to 5 as depicted in Figure 2.3.
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2.3. Literature Review and State of the Art

Several techniques have been studied and reported in the literature to enhance

the performance of the φ-OTDR based DAS systems in terms of maximum sensing

range, spatial resolution and SNR. As mentioned previously, in the conventional ar-

chitecture with pulse modulation, the maximum acoustic bandwidth, or the maximum

detection bandwith (MDF) is inversely proportional to the maximum range. Due to

this trade-off, some of the research efforts reflect a competitive challenge in achieving

better performance for both parameters at the same time. This could be possible by

using dual wavelengths and interleaving the pulses. As there is no accepted generic

architecture for DAS systems, hybrid methods that incorporate different technologies

are also of interest to increase acoustic bandwidth while maintaining the maximum

sensing range. One novel method that can achieve high range detection while main-

taining the maximum detectable frequency, or vice versa, are based on using hybrid

sensing technologies, such as adding an interferometric subsystem to the φ-OTDR

detection scheme [29]. Diversity techniques in the modulation frequency of the laser

source can also be used to improve the MDF without sacrificing the target range [30].

A rule of thumb to increase the maximum sensing range is to use optical amplification

for higher SNR levels. However, due to the non-linear scattering mechanisms inherent

to the fiber optic physics, the maximum optical power launched at the FO cable is

limited. Stimulated Brillouin Scattering (SBS) is one such nonlinear effect that limits

the optical power when transmission over fibers is considered [31]. Above some critical

SBS threshold, the phase noise dramatically increases which seriously deteriorates the

signal and decreases the sensitivity of the system. Techniques based on phase modu-

lating the laser source and linewidth broadening can be employed to overcome these

challenges [32].

Some part of the laser source power can be used at the receiver stage to enhance

the weak scatter response as mentioned previously in Section 2.2 [26, 33]. Although

appropriate mixing the source power with the weak RBS signal enhances the detection

in the heterodyning, the change of SOP between the interfering optical fields is one

of the main problems encountered for this detection scheme. The randomly varying
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phase difference between the source and backscattered energy may even result in a

zero current at the photodetector output when the difference between the phase of the

OLO and the phase of the RBS signal is an integer multiple of π. Hence, due to these

factors, the amplitude fluctuations can mask the phase modulation of the perturbation.

The instability of coherent detection based φ-OTDR systems can be overcome by

maintaining the SOP constant. This can be accomplished by using all polarization

maintaining (PM) components or by using polarization diversity techniques in the

setup including the sensing fiber [33–35]. On the other hand, using PM components

significantly increases systems costs as well as adding new ADC channels to the system

to process the extra polarization information.

Raman amplification is one of the popular methods when an increase in the

sensing range is the primary objective. It can be used to assist the φ-OTDR pulse

power to maintain its power high enough along the whole fiber length, thus extending

the maximum sensing range. Several research studies have been reported which uses

first-order or second-order Raman amplifications to increase the sensing range over 125

km with a spatial resolution of 8 m and vibration measurements up to 380 Hz [36–38].

A very recent study reported a maximum sensing range of 125 km without the

use of any optical amplification [39]. In this study, a suitable SNR value is obtained

by combination of different fiber types with different attenuation coefficients. This

novel use of different types of fibers to optimize the far end of the FUT seems to

have achieved the highest maximum sensing range currently known without any inline

amplification.

It is clear that the above mentioned techniques are related to the improvements

or novelties in the optical path, and during our literature survey, it was observed that

most of the research efforts were dedicated to signal processing by optical means rather

than the digital processing. A concise summary of the above mentioned techniques

and the relevant literature for DAS/DVS applications are given in [40], and a tabulated

review of the applied techniques for φ-OTDR are given in chronological order in [38].
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Apart from the methods employed in the optical path, several alternative DSP

techniques exist for improving the SNR. Trace averaging and differentiating (TAD)

techniques can be used with proper data treatment to improve the SNR by
√
N where

is N the number of averages [4, 33]. The basic TAD technique is simply based on

coherently adding the sequentially arriving φ-OTDR traces, taking the average of

them and differentiating to reveal the acoustic vibrations. This separate averaging

method (SAM) significantly reduces the maximum detection bandwidth. Using a

moving average instead of seperate windows can reduce this effect but this method

still removes higher frequencies, therefore bandwidth reduction still occurs [41]. Both

SAM and the moving average and differential (MAD) methods suffer from the inherent

low bandwidth of the averaging technique. According to the Nyquist theorem, the

MDF is half of the sampling frequency (i.e. PRF/2 Hz). When using SAM with an

averaging size of M , the MDF is reduced to PRF/2M , while MDF is only increased

at most twice this value with the MAD method (i.e. MDF=PRF/M).

Image processing techniques can be applied to DAS systems by considering the

φ-OTDR traces in 2-D format. One method based on 2-D edge detection (TED) and

2-D processing of backscattered optical traces was introdeced [42] which can increase

the SNR to 8.5 dB compared to these conventional methods. In this method, a 2-D

image composed of Rayleigh traces is resolved into a series of small matrices and the

gradient of the images are calculated at each point by convolving with Sobel operator.

The SR value can also be enhanced with some degree with this method, but due to

this gradient operation, the frequency response of the system deviates from its original

response. Another 2-D technique based on 2-D bilateral filtering (BLF) can be used

to enhance the SNR of the φ-OTDR based DAS systems better than the TED method

presented in [42] in the expense of increased processing power [43]. The BLF method

recovers the original vibration signal by a weighted averaging method which results

in a denoising performance of 13 dB higher than that of the TED approach. Another

TED method based on Prewitt operator was visited for DAS applications in [44] to

identify the temporal and spatial distribution of vibrations in the Rayleigh traces,

which allows SNR values higher than 30 dB.
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Besides the conventional time-domain techniques mentioned above, transform

domain methods can be used as alternatives for vibration detection. The classical fast

Fourier transform (FFT) based spectrum analysis techniques were used to cope with

the SOP changes in DVS systems [45] and multiple simultaneous vibrations can be

observed by taking the FFT of every acoustic channel of the DVS system. SNR values

as high as 20 dB are reported in [46], but it is clear that this is directly related to the

power of the original vibration. If the frequency of vibrations is very low (e.g. < 1 Hz),

which is the case in seismic waves in geophysics applications, then the combination of

TAD with FFT can be very efficiently used in real-time. Similar to the 2-D processing,

by simply Fourier transforming the RBS data matrix, 9.5 dB of SNR was achieved with

a spatial resolution of 3.7 m in [46]. This SNR was better than the one obtained with

3× 3 Sobel operator of the TED approach presented in [43].

The concept of using the popular wavelet based techniques for distributed fiber

sensors was mentioned for the first time in [47], and experimental results of wavelet

transform based denoising method over a 14 km long fiber for PIDS applications were

reported in [48]. Qin et al. used a wavelet technique for noise reduction with resulting

increases in both highest detectable frequency and spatial resolution of 8 kHz and 0.5

meters, respectively [49]. In the wavelet method used in [49], after computation of

the discrete wavelet transform (DWT) for the raw φ-OTDR traces, an appropriate

selection of the threshold is critical to disregard the wavelet coefficients associated

with the noise components. After this partial removal of the wavelet coefficient for the

noise-only assumed bands, the stationary vibration signal is recovered by the inverse

DWT computation. The authors extended the use of wavelet based techniques in

another study by using the continuous wavelet transform (CWT) to analyze the non-

stationary vibrations [50]. After low-pass filtering of the RBS to eliminate the high-

frequency noise and wavelet denoising these filtered traces, the CWT method can

be applied to reveal the timely-evolved features of acoustic vibrations. Recently, the

popular wavelet denoising was effectively used to assist ultra-long PIDS applications;

over a whole 131.5 km fiber with 8 m resolution [51], and over a 175 km long fiber

with 25 m resolution [10]. Empirical mode decomposition (EMD) combined with the

wavelet denoising is introduced in [52] again for monitoring long distances. The most
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detailed wavelet analysis for φ-OTDR based DAS applications is given in [53] where

the multiscale-wavelet decomposition (MWD) was shown to be an an effective tool

for detecting the human disturbances embedded in the natural interference. Although

high SNR improvements as high as 35 dB were reported, the degree of the SNR

improvement with wavelet based techniques will depend on the application, and the

signal type to be detected. Hence, the thresholding required for rejecting the transform

domain coefficients is a challenge for the wavelet based denoising. Additionally, the

level of decomposition should guarantee the real-time application.

Non-stationarity or transient behavior of vibrations in the environment, will

require the analysis of signals both in time and in frequency domains. Besides the

popularity of short-time Fourier transform (STFT) and DWT for such applications,

Hilbert–Huang transform (HHT) is an attractive choice for time-frequency analysis

[54]. When compared to DWT, one of the most attractive feature of HHT is that, it

is data driven and there is no need to make prior adjustments as it is done for the

selection of a mother wavelet in the DWT case. Experimental studies also report that

HHT is superior to DWT in the accuracy of instantenous frequency measurements [55].

Hence, HHT was introduced to φ-OTDR based DAS technology in [56] for analyzing

multiple vibrations and the experimental results carried out with synthetic PZT driven

vibrations verify that HHT is a promising tool. In the common sense, although HHT

is known to suffer from computational load, the authors of [56] report that their HHT

implementation was much faster than that of the STFT and CWT. Nevertheless, in

the general sense, the Hilbert spectral analysis seemed to be a powerful to provide

high frequency resolution for both stationary and nonstationary signals, but requires

more experimental research to be mature for DAS field applications.

Another DSP method was recently introduced which is based on calculating the

kurtosis of acoustic signals at each position of the fiber in a short time period [57].

In this method, after the moving average on the spatial dimension, the spatial aver-

age kurtosis (SAK) is computed and the peak is compared with a certain threshold

value to accurately locate the acoustic vibration segments along the fiber. The SAK

method was found to perform well to discriminate the instantaneous perturbations
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from the system noise and certain ambient environmental interferences. The experi-

mental results presented in [57] show that, when compared with the previous methods

(MAD, TED, DWT), the SAK method can locate the vibrations with a higher SNR.

Pencil-break events (which are used to simulate the cracks in concrete structures in the

laboratory environment for SHM applications), and digging activities were detected

with the SAK method with improved SNR values of 16.6 dB and 17.3 dB, respectively.

On the other hand, the SAK method is considered to be effective for short-duration

events, and long-term vibrations need more features to be identified for real PIDS

applications.

More recently, a signal processing method based on compressive sensing was

presented for DAS applications in [58] which allows for compressing and denoising

the raw data simultaneously. The denoising method is based on orthogonal matching

pursuit (OMP) algorithm which recovers the signal under the sparsity determined by

a threshold rule, and its denoising performance is compared with DWT and the MAD.

Indoor experimental results carried out for the detection of 100 Hz vibration event

over a fiber of 3 km long show that, SNR values above 30 dB are achievable with a

compression ratio of 18.9; while the DWT and MAD techniques attained SNR values

of 25.6 and 18.2, respectively.

As a conclusion, the research regarding the DSP related techniques in φ-OTDR

systems is very limited, and there is not any published research nor any evidence

for a DAS application based on adaptive filtering or eigen-analyis of the RBS up to

now. Besides, all system configurations presented in these references employ at least

one extra stage (e.g. EDFA) for optical amplification to increase the SNR of the φ-

OTDR system significantly before the DSP post processing. Hence, none of the above-

mentioned DSP methods seem to be convenient to detect weak vibrations that are very

close to the noise level. Additionally, almost all experimental studies were carried

out with the indoor data and very limited emphasis was on real-world conditions.

In this thesis research, as will be discussed and presented in the following chapters,

the proposed AMF [59] and MED techniques were firstly tested with Monte Carlo

simulations, the results were verified and validated with real φ-OTDR and field data.
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The performance of the above mentioned DSP techniques applied for φ-OTDR systems

are summarized in chronological order in Table 2.1 below. The last column includes

the abbreviation of the main DSP method(s) used in the related research, while the 8.

column gives the number of optical amplification (OA) stages used in the system, since

the strength of the RBS is very dependent on the type of the amplifications in the

system. For that reason, it is worth emphasizing that these results are not comparable

directly with each other, and the Table 2.1 should only be considered as a snapshot of

the state-of-the-art DSP methods.

Table 2.1. Review of the state-of-the-art DSP methods used for DAS.

Date Ref.
MR

[km]

SR

[m]

MDF

[kHz]

Detection

Scheme

MSNR

[dB]

OA

Stages

DSP

Method(s)

Jun 05 [7] 12 1000 3,33 DD 20 2 TAD

Apr 08 [48] 14 50 10 DD 18 1 DWT

Jul 08 [45] 1 10 N/A DD 20 - FFT

Nov 10 [41] 1,2 5 10 DD 20 1 TAD

Aug 11 [34] 10 5 5 CD 7,6 1 TAD

Apr 12 [49] 1 0,5 25 CD 20 2 DWT

Aug 12 [50] 10 1 5 CD 20 1 DWT+CWT

Sep 13 [42] 1 3 5 DD 8,4 1 TED

Dec 14 [56] 50 50 1 CD 30 1 HHT

Apr 15 [46] 2,7 3,7 18 CD 9,5 1 FFT

Aug 15 [53] 23,7 N/A 1 CD 35 1 DWT

Sep 15 [52] 60 6,8 0,5 CD 14 2 DWT+EMD

Mar 17 [44] 12,5 24 1 CD 39 1 TED

Jun 17 [43] 27,6 10 N/A CD 20 2 BLF

Jun 17 [59] 28,3 25 1,25 CD 39 - AMF

Aug 18 [57] 5,1 10 0,5 CD 23,4 1 MAD+SAK

Oct 18 [58] 3 3 3 CD 34,4 2 CS+OMP

Jun 19 N/A2 28,3 25 1,25 CD 25,6 - MED
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2.4. Theoretical Model for the Rayleigh Backscatter

Rayleigh scattering in the fiber occurs due to random microscopic variations

in the index of refraction of the fiber core, which are caused by the imperfections

during the manufacturing process. It is due to the integrated effect of large number of

signals from these randomly spaced microscopic variations, which are also considered

as isotropic scatterers. The analytical models used for predicting the behaviour of

Rayleigh backscattering in φ-OTDR systems treat these random scatterers as a large

number of reflectors or mirrors [60].

Figure 2.4. LTI system representation of φ-OTDR system.

Let us consider the φ-OTDR based DAS system as a linear time-invariant (LTI)

system as depicted in Figure 2.4, where e(t) and x(t) are the excitation and backscatter

signals, respectively, and h(t) is the FO backscatter impulse response which can be

given by

h(t) =
Ms∑
m=1

e−αvgtma(tm)δ(t− tm) (2.4)

where a(tm) is the amplitude of the m-th scatterer, tm is the relative delay of the

m-th scatterer, Ms is the total number of scatterers per SR in the fiber medium, α is

the Rayleigh attenuation coefficient, vg is the group velocity in the fiber and δ(t) is

the Dirac delta function (i.e., δ(t − tm) = 1 when t − tm = 0, zero otherwise). The

exponential term is due to the attenuation in the fiber. Polarization effects of each

scatterer have been neglected in (2.4) and the fiber attenuation α is the same in each

direction.

2Research results not published yet, but reported in the thesis.
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The RBS response x(t) of the system is simply the convolution of the h(t) with

the excitation e(t), i.e. x(t) = h(t) ∗ e(t). In the conventional φ-OTDR system, the

excitation signal is a rectangular pulse of τ seconds, of quasi monochromatic optical

carrier with angular frequency ωs. The source coherence time is assumed to be large

compared to the duration of τ of the pulse. Then x(t) becomes

x(t) =
Ms∑
m=1

e−αvgtma(tm)rect

(
t− tm
τ

)
cos [ωs(t− tm)] (2.5)

The correlation properties of x(t) have been studied in the literature [61, 62].

It can be shown that the RBS is a nonstationary process, and the maximum correlation

distance of x(t) is τ when the excitation signal is a short duration pulse of τ seconds.

We can recognize that x(t) is a narrowband process by rewriting (2.5) as

x(t) = xi(t) cos(ωst) + xq(t) sin(ωst) (2.6)

where

xi(t) =
Ms∑
m=1

e−αvgtma(tm)rect

(
t− tm
τ

)
cosωs(tm) (2.7a)

xq(t) =
Ms∑
m=1

e−αvgtma(tm)rect

(
t− tm
τ

)
sinωs(tm) (2.7b)

Both xi(t) and xq(t) are slowly varying compared to cos(ωst) and sin(ωst).

Since the sums in the equations above are over a large number of statistically indepen-

dent, identically distributed random variables, adhering to the central limit theorem,

both xi(t) and xq(t) are now Gaussian distributed with zero mean and equal variance.

Now we can write the bandpass process

x(t) = Es(t) cos(ωst− φ(t)) = Re{Es(t)e−jφ(t)ejωst} (2.8)
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where

Es(t) =
√
x2
i (t) + x2

q(t) (2.9a)

φ(t) = tan−1

[
xq(t)

xi(t)

]
(2.9b)

The sum of two Gaussian distributed random variables can be shown to be

Rayleigh distributed. Hence, the envelope of the backscatter response Es(t) is

Rayleigh distributed, while the phase of the backscatter is uniformly distibuted over

the interval (−π, π) [61].

2.5. Numerical Implementation of Rayleigh Backscatter

In order to simulate the RBS based φ-OTDR system, as the fiber sensor is spa-

tially sampled with ∆z, we can consider the discrete model of Rayleigh backscattering

shown in Figure 2.5 below.

Figure 2.5. Discrete model for Rayleigh backscattering in the fiber.
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In this discrete model, the fiber is divided into K equispaced individual scatter-

ing partitions. Each partition has a width of ∆z where the backscattering process is

described by a set of randomly spaced low-reflectance mirrors. The electric field emit-

ted backward from each scattering object within ∆z has independent random phase

and amplitude. The behavior of a complex sum of scattering centers in ∆z can be

considered as a random walk in the complex plane. Omitting the carrier frequency

term after demodulation and down-conversion, the total baseband Rayleigh backscat-

ter term at the k-th partition is the superposition of back-scattered fields from different

scattering centers which can be written as

ERBS(k∆z) = E0e
−αk∆z

k+Ms−1∑
m=k

Pmrme
jφm (2.10)

where rm , φm and Pm are the random reflectivity, phase, and polarization of the k-th

reflecting partition, and E0 is the field amplitude of incident light (i.e. the launched

electric field at the beginning of fiber).The m-th scattering center has a reflectivity

rm ∈ [0, 1] (usually rm � 1). The probability density functions of the reflectivity of a

reflector, r and the phase φ are Rayleigh and uniform distributed as stated previously:

p(r) =
( r
σ2

)
exp

(
r2/2σ2

)
(r > 0) (2.11a)

p(φ) = 1/2π (−π < φ < π) (2.11b)

where σ2 is approximately equal to 10−7 [63]. If a perturbation exists on the same

k-th partition, the electric field term can be written as

ERBS(k∆z) = E0e
−αk∆z

k+Ms−1∑
m=k

Pmrme
j(φm+θp) (2.12)

where θp is perturbation phase factor. Thus, in the case of perturbation, a phase shift

will be introduced which can be written in mathematical form as:
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θp =

0, k < p

2φp, k ≥ p

(2.13)

Here, p is the point where the perturbation occurs, and φp is the phase of the per-

turbation. The factor of 2 multiplying φp results from the fact that the light waves

pass through the perturbation region twice. To simulate the above analytical model

in (2.12), we assume that the resultant electric field at the photodetector output, after

demodulation and digitization, is represented by one sample during the digitization

process. In other words, no oversampling is employed and every ∆z represents a single

acoustic channel or range bin. Additionally, we neglect the random polarization effects

in microscopic scale (i.e., we assume Pm = 1 for all m).

Computer simulations were performed with the above assumptions and the

analytical model. The random locations of the scattering centers were simulated

with the Monte Carlo method and the simulations were carried out in MATLABTM.

It was assumed that the light source is monochromatic at a wavelength of 1.559 µm

which is modulated by a pulse of width τ . The number of scattering centers Ms was

assumed to be the same for every acoustic channel and assumed to be homogeneously

distributed along the FUT. Selection of Ms was determined in a trivial manner by

observing the amplitude fluctuations dependency on the selected simulation parame-

ters and by comparing the resultant intensity traces with conventional OTDR observa-

tions with the same interrogation parameters in the laboratory. As the backscattering

intensity is directly proportional to the pulse energy, in order to develop a realistic

simulation model, the average number of reflectors was coupled to the pulse width

via Ms = 2000.round(τ/10−6) Hence, a one microsecond pulse-width selection will

result in 2000 scattering centers per channel. The simulation parameters were chosen

almost the same with the parameters of the laboratory setup that was developed to

gather real-world data. This was in purposely done to evaluate the performance of the

computer codes and to make the simulation results directly comparable with the real

data. The simulation parameters are summarized in Table 2.2.
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Table 2.2. DAS Simulation parameters.

System Parameter Symbol Value

Laser Power Pt 22 mW

Laser Pulse Width τ 860 ns

FO Refractive Index neff 1.467

Pulse Repetition Frequency PRF 2.5 kHz

Length of the FUT LFUT 28321 m

Total Range Bins K 456

Range Resolution ∆z 87.67 m

Perturbation Location lp 7364 m

Perturbation Range Bin Number p 84

Photo-Detector Noise Equivalent Power NEP 6 pW/
√
Hz

Perturbation Frequency fp 833.33 Hz

Number of Scattering Centers per range bin Ms 2000

Total System (Insertion) Loss IL 6 dB

System Bandwidth B 1 MHz

Vibration presence cases were simulated by injecting a perturbation signal for

a selected range bin. The strength of the vibrations, hence the SNR values were ad-

justed by varying the reflectivity values of the mirrors in a trivial manner. After every

modification in the reflectivity, the strength of the simulated vibration was verified

by observing the frequency spectrum of the range bins. Several datasets with varying

perturbation and record durations were obtained with computer simulations through-

out the thesis study. A single φ-OTDR trace simulation result is shown in Figure 2.6

below as a sample in arbitrary units (a.u.), where 833.33 Hz vibration is injected at

7364 m corresponding to the 84. range bin. Since it is a raw data, the vibration is not

observable on the fast-time without any proper signal processing. The end of the FUT

is not clear either. Coherently adding the traces pulse-to-pulse will naturally enhance

the SNR to reveal out any non-stochastic behavior along the axis as can be seen in

Figure 2.7. When the averaged traces is 100, the peak expected at the 84. range bin

is not clear; while it is observable when the averaging size is increased to 1000.
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Figure 2.6. A typical single φ-OTDR trace of the Monte Carlo simulation.

Figure 2.7. Impact of averaging on φ-OTDR traces.
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Averaging N traces enhances the SNR of the data with
√
N , but the MDF is

reduced by N . Hence, this basic enhancement method is only appropriate for detecting

very low frequency vibrations. The vibration signal is clearly observable when the 2-D

frequency spectrum of the raw OTDR data is computed as shown in Figure 2.8.

Figure 2.8. Spectrogram of the simulated 19.2 seconds long φ-OTDR data with a

synthetic vibration of 833.33 Hz at the 84. range bin.

2.6. The φ-OTDR Signal Model

When compared with the classical radar detection theory, the weak signal detec-

tion problem encountered in the DAS system resembles the radar detection in many

aspects. The DAS system emits a burst of laser pulses and records the returns between

successive pulses. As sketched in Figure 2.9 to present important DAS signal param-

eters, the φ-OTDR system interrogates the FUT and spatially samples the RBS at

different locations along its whole length. The location of the sampled regions, which

are illustrated as spaced dots in Figure 2.9, and the distance between them are defined

through DAS system configuration. The numbering system is defined such that the

first spatial sample starts with “0”, and successive samples are numbered with positive
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integers. These sample locations are usually known as “acoustic channels” in the DAS

literature, but will be referred to as “range bins” in this context. The pyhsical separa-

tion between these range bins defines the spatial sampling interval which should not be

confused with the SR of the DAS system. In general, the SR may consist of more than

one spatial sample according to the sampling rate of the ADC of the system, which

determines the distance between these range bins that are collected on the “fast-time

axis”.

Figure 2.9. K virtual acoustic channels synthesized on the sensing fiber

The φ-OTDR based DAS operation generally involves the collection and process-

ing of these spatial samples for every channel separately according to the application.

One single shot of a total K samples is usually referred to as a “single φ-OTDR trace”.

The continuous interrogation of the FUT is equivalent to sampling every range bin

with a sampling rate equal to the PRF. This sampling on the “slow-time axis” is il-

lustrated in Figure 2.10 by with three consecutive φ-OTDR traces. The returns from

N consecutive φ-OTDR traces for a given k-th range bin forms a temporal snapshot

of dimension N × 1:

x k =
[
x0,k x1,k x3,k ..... x(N−2),k x(N−1),k

]H
(2.14)

where x k is the vector of collected baseband RBS samples, which is subject to pro-

cessing in this research study. Here, xn,k is the baseband signal detected for the n-th

pulse at the k-th range bin, for n = 0, 1, ...N − 1 and k = 0, 1, ..., K − 1. The letter H

on the upper right side of the equation denotes the conjugate transpose operation on

the collected samples which is a row vector and thus x k is a column vector.
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Figure 2.10. A-scope presentation of three consecutive φ-OTDR traces: Samples

denoted by red dashed lines are collected on the slow-time axis.

The slow-time samples as depicted by dashed red lines in Figure 2.10 should not

be confused with the φ-OTDR traces which are plots of returned optical power versus

time. The time interval over which the N pulse returns are collected is referred to as

the temporal processing interval (TPI), as depicted in Figure 2.11. Thus, the signal

processor’s TPI length is N/PRF seconds. Slow-time and fast-time axes are shown

together in Figure 2.11, and a 3-D visualization of both axes with real φ-OTDR traces

is shown in Figure 2.12.

A pulse length of τ seconds and bandwidth B Hertz is assumed. For each received

TPI frame, the all electrical subsystem executes the following chains: the electrical IF

signal detected at the photo-detector output is down-converted to baseband, low-pass

filtered and digitized for subsequent DSP routines. The sampling frequency during

digitization is taken at least twice the bandwidth, (i.e. fs ≥ 2B Hertz). With appro-

priate decimation, the number of baseband samples per range bin can be reduced to

one. Thus, each 2-D TPI frame consists of exactly KN samples.
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Figure 2.11. Signal parameters related to the slow-time and fast-time axes.

Figure 2.12. 3-D demonstration of six consecutive real φ-OTDR traces.
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2.7. Statement of the Problem

In this research, we work primarily with data from a single range gate to be

processed sequentially along the FUT axis and our goal is to make a decision whether

there is a vibration or not at a specific location. In general, along the FUT axis, the

detected signal consists of two main components:

H0 : x k/H0 = nrbs,k + nw,k (2.15)

where the condition H0 is the null hypothesis denoting the vibration (or perturbation)

absence, and x k/H0 is the temporal snapshot vector for the noise only case. The first

term on the right side of the (2.15) refers to the highly fluctuating noise term due to

the Rayleigh backscattering and the second term is due to the receiver thermal noise.

Suppose that a sinusoidal vibration occurs at a specific range point, then the received

signal term can be written as:

H1 : x k/H1 = v(ωp) + nw,k (2.16)

where H1 denotes the alternative hypothesis condition, x k/H1 is the temporal snapshot

vector in the vibration presence case, and v(ωp) is the response of the system to a

hypothetical perturbation with a perturbation frequency of ωp/2π [Hz].

For PIDS applications, the frequency of interest is relatively low and averaging

techniques may suffice for all times to detect such low-frequency vibrations. For detec-

tion of seismic waves in geophysical applications, the vibration frequencies of interest

are even much lower which may be as low as 0.1-1Hz. However, for some particular

application areas in SHM such as crack detection of materials and anomaly detection

of engines, the frequency range of the perturbation events could be as high as several

kHz to MHz. In these cases, it is desired to have DAS systems with high-frequency

response and large distance from the anomaly point to sensing fiber. Here we focus on

improving the SNR of the DAS system without sacrificing the frequency bandwidth.
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3. OPTIMAL FILTERING FOR NOISE REDUCTION IN

φ-OTDR

3.1. Introduction

Weak signal detection in severely noisy environments has always been a cumber-

some problem in diverse areas of signal processing. Noise reduction based on adap-

tive filtering is a heavily used signal processing technique to detect specifically weak

signals under harsh conditions. The adaptive filter theory has found numerous appli-

cations in radar, sonar and speech processing fields and it is well documented in the

literature [64,65].

Motivated by the success of the application of adaptive signal processing algo-

rithms for noise reduction in many diverse fields, in this chapter, we propose to adapt

the classical linear filtering algorithms for DAS systems. Similar to basic optimal fil-

tering techniques employed in radar [66] and speech processing [67] , we seek a similar

approach for the distributed fiber sensors. The term “adaptive” used above refers to

the fact that, as will be described in the following sections, the linear filter coefficients

will be based on observing the statistics of the environmental noise which needs to be

updated regularly for real-world applications. There exists different optimality criteria

and nomenclature in designing the filter coefficients. The celebrated Wiener filtering

approach is one method which is based on minimizing the mean squared error (MSE)

between the estimated and the desired vibration signal [66, 67]. This minimum MSE

(MMSE) criterion leads to the optimum filter coefficients under Gaussian observations

and white noise assumptions. While the MMSE approach seems to be popular in sta-

tistical inference and communications signal processing, the maximum SNR (MSNR)

criterion is the most popular method in radar and general detection theory. It has

been proven theoretically that the MMSE and MSNR estimators are in fact equivalent

even when the noisy observations are non-Gaussian [68] and it can be shown that these

two filters are equivalent up to a scaling factor.
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Based on such previous analytical proofs [50] and for the sake of reality, the

optimum noise filtering approach considered in this thesis is based on the MSNR

approach. The maximization procedure will be of concern for every range bin of the

DAS system, hence the weight computations are done for every range bin individually.

Our main performance measure in this section is based on how much background

noise and amplitude fluctuations due to RBS are suppressed. Thus, in order to high-

light the visibility of a particular vibrating range bin along the FUT axis (i.e. fast

time axis), the following fast-time SNR definition is used in this research study:

SNR(fast−time) = 10 log10

(
the signal energy at vibrating range bin(s)

mean value of the total noise energy at other range bins

)
(3.1)

The result of (3.1) is expressed in dB and will be used as the main performance

metric throughout this research study.

3.2. Optimum Temporal Filtering of φ-OTDR Signals

In order to suppress the noise and to recover the acoustic vibration and its spatial

location along the fiber route, we propose to design a finite impulse response (FIR)

filter in this chapter. In digital signal processing applications, either FIR or infinite im-

pulse response (IIR) type of filters are utilized according to application requirements.

Since FIR filters are inherently stable [69], it would be a better choice than an IIR

filter for a dynamically changing environment where the filter is to be updated in the

run-time. Another distinct advantage of the FIR over the IIR filter is their phase

linearity which is critical for processing signals that convey information in their phase,

and simultaneous processing of multiple signals that will be later combined [69]. Since

the phase of the optical backscatter is altered according to the environment along

multiple channels, the true phase information is critically important for real-time im-

plementation for DAS applications.
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Considering the fact that DAS systems are deployed in dynamically changing

environments and the optimality conditions will probably require updating important

system parameters in the run-time, we only consider the FIR type of filter to guar-

antee the stability of the proposed algorithm in this study. In this approach, to tem-

poral snapshot vector xk is subject to an FIR filter and the intensity at the output is

computed by

zk =
N−1∑
n=0

w∗k,nxn,k = wH
k x k (3.2)

where zk is the FIR output, wk,n is the complex weighting coefficient computed for the

n-th pulse at the k-th range bin, and w k is a column vector of size N × 1 containing

these coefficients for the k-th range bin (acoustic channel):

w k =
[
wk,0 wk,1 ... w(k,N−2) w(k,N−1)

]H
(3.3)

Hence, the received φ-OTDR samples at the k-th range bin given by (3.2) are

linearly weighted and a scalar output value is produced for an observation length of

N samples. This operation can be implemented in a block-by-block fashion as new

samples arrive at the receiver. Each data block of size N can be consecutively input to

the FIR filter with overlapping segment sizes equal to N−1. In the vibration presence

case, the temporsal signal vector v(ω) (i.e. vibration signal) of H1 can be written as:

v(ω) = σps(ω) (3.4a)

s(ω) =
[
1 ej2πω ej4πω... ej(N−2)πω ej(N−1)πω

]H
(3.4b)

where σp denotes the random complex voltage of the perturbation, ω = f/PRF is the

normalized sampling frequency and s(ω) is the temporal steering vector.
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3.2.1. Maximum SNR Approach

One method in optimum filtering is to design such an FIR filter which maximizes

the output SNR, so called as MNSR approach [48][49]. For this objective, we now

define the “slow-time” SNR which is given as the ratio of the power at the output of

the FIR filter due to the desired signal (Psignal) to the power at the output due to

noise only (Pnoise):

SNR(slow−time) =
Psignal
Pnoise

=
E{wH

k v(ω)vH(ω)w k}
E{zk/H0z

H
k/H0
}

(3.5)

where E{·} is the expectation operator and zk/H0 is the FIR output for the noise-only

(H0) observations. By substituting (3.2) and (3.4a) into (3.5) we can write

SNR(slow−time) = E{|σ2
p|}

wH
k s(ω)sH(ω)w k

wH
k E{x k/H0x

H
k/H0
}w k

= E{|σ2
p|}

|wH
k s(ω)|2

wH
k Rx ,k/H0w k

(3.6)

where x k/H0 is the noise only snapshot vector defined by (2.15) previously, and Rx ,k/H0 =

E{x k/H0x
H
k/H0
} is the noise-only covariance matrix of the optical RBS. By simple math-

ematical manipulations, the optimum weight vector or the optimal matched filter that

maximizes the above equation can be written as

w k,opt = ηR−1
x ,k/H0

s(ω) (3.7)

where η is an arbitrary real scaling factor. The derivation of the above equation can be

found in Appendix A. Since R
−1/2
x,k/H0

is a whitening filter, the filter acts as a correlation

canceler (i.e. the whitening filter de-correlates the colored noise input, hence making

it look like white noise). In white noise case, s(ω) is the matched filter, it has a

band-pass response and maximizes SNR. We may interpret the optimal weight vector

as [23] :

w k,opt = η (R
−1/2
x ,k/H0

)︸ ︷︷ ︸
Whitening

Filter

(R
−1/2
x ,k/H0

s(ω))︸ ︷︷ ︸
Matched Filter

(3.8)
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where the process in the right-bracket above accommodates the linear transformation

applied to the temporal signal vector during the whitening stage. Equations (3.7)

and (3.8) state that the weights chosen to maximize the SNR are determined via

the statistics of the background noise. This background statistics includes both the

speckle-like profile of Rayleigh backscattered data and receiver noise contributions.

The constant term of the MSNR calculation η is usually set to unity or taken as

η =
1√

sH(ω)R−1
x ,k/H0

s(ω)
(3.9)

For the steering vector computation, if there is no a priori information about

the frequency region of interest, the processor has to sweep across the frequency axis

to detect the vibration frequencies. Let p and fp denote the range bin index of the

perturbation and the frequency of the perturbation, respectively. When k = p and

the steering vector is tuned to the actual vibration frequency of the perturbation

(i.e., f = fp), the output scalar value of the filter is expected to be maximized.

This procedure is repeated for every range bin of the φ-OTDR trace to search for all

possible vibrations (i.e., along the FUT axis).

For covariance matrix estimation, the situation is quite more complex. For every

range bin under interest, the noise covariance is to be estimated from the received

samples and the noise statistics are estimated by the following:

R̂k/H0 =
1

#{Ls}
∑
∀k∈Ls

x k/H0x
H
k/H0

(3.10)

where Ls is the set of range bin indices used in the secondary data set and #{Ls} is

the total number of range bins used, where #{·} denotes the number of the elements

in a set given in the brackets. The temporal snapshot vector x k/H0 is also called “the

secondary data” . The above given estimated covariance matrix is commonly called as

the “sample covariance matrix (SCM)”. The range bin under test is considered as the

one containing the primary data while secondary data inputs are assumed to contain

only noise that are collected from the neighboring range bins.
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Thus, the weights are computed via (3.7) with this estimated value of the covari-

ance matrix. The matrix inversion in (3.7) is sensitive to the training set size and the

matrix is not invertible when the size of the training set is small which is unavoidable

in most practical situations. The traditional way to overcome this ill-conditioning is

to add some amount of white noise on the diagonal elements of the SCM:

R̂k−dl = R̂k/H0 + ρIN (3.11)

where ρ is the scalar loading factor and IN is the identity matrix of size N . This is so

called the “diagonal loading (DL)” method which is popularly employed especially in

beamforming applications. Besides, there is no definite rule for selecting the optimum

value for the loading factor. In array processing and spatial beamforming applications,

it is admitted that 5-10 dB loading above the receiver noise floor can be employed as

a rule of thumb [70].

3.2.2. The Adaptive Matched Filter (AMF) Algorithm

Under the assumptions that the statistical covariance and the spectral informa-

tion about the vibration are known, the optimum filter weight vector which maxi-

mizes the output SNR is computed by (3.8). In practice, the actual statistics cannot

be known but estimated from a limited number of observations as given by (3.11).

The other requirement associated with the steering vector selection requires infor-

mation about the frequency content of the vibration. Lack of this prior information

may require seeking all possible vibration frequencies up to the MDF of the system.

This computational burden can be easily alleviated by today’s high-performance pro-

cessors or parallel computing architectures. Under this assumption and for the sake of

the borrowed methodology from radar theory, we will nominate this technique as the

“adaptive matched filter (AMF)” which can be summarized as follows:
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(i) The φ-OTDR data is collected and TPI duration (value of N) is determined.

(ii) A training strategy is determined and the training region along the sensing fiber

axis with size Ls is selected. Using this training data set and attaining a DL

level, the covariance matrix of background noise is estimated by (3.11).

(iii) An adaptive weight vector is computed by (3.8) with the steering vector tuned

to the specific vibration frequency of interest.

(iv) Using this weight vector the complex scalar output zk for the k-th range is

computed along the sensing fiber by (3.2), i.e. for all values of k = 0, 1, 2, ..., K−1

and the results are plotted.

The above steps are repeated for all pre-selected or possible vibrations in the

frequency axis as mentioned previously. The training and FIR filter size selections are

critical factors that have an impact on the noise suppression performance of the AMF

but not the only consideration.

In real-world applications, the noise impact of the operating environment is un-

known a priori. For relatively short-range applications such as SHM, the environmen-

tal noise may be stationary and a fixed training region may be used along the whole

FUT. But for long-range DAS applications such as pipeline or border security, the

background noise is most likely to change with time. Similar to the clutter ridge prob-

lems encountered in radar signal processing in heterogenous environments , the back-

ground heterogeneity in DAS applications will impact the performance of the system.

In a dynamically changing environment, the estimated covariance, hence the filter co-

efficient vector needs to be updated on a regular basis according to the application

requirements.
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3.3. Applications of AMF for Vibration Detection

The performance of the AMF algorithm was evaluated for both strong and weak

vibration conditions. Four different data sets with varying SNR values have been

simulated as described in Section 2.5. In the first two, only one range bin included

a vibration with two different slow-time SNR values. In the last two datasets, weak

and strong perturbations were simulated at two range bins simultaneously. After all

simulations were completed, the slow-time SNR values were computed in the frequency

domain by estimating the frequency spectrum of the slow-time samples of the target

range bin with the Welch method in MATLAB [71,72].

3.3.1. Single-Strong Vibration Case

In the first dataset, a strong vibration of 833.33 Hz with a slow-time SNR value of

30 dB is synthetically included at 7364 m of a 28321 m long fiber which corresponds to

the 84. range bin. A typical raw φ-OTDR data trace is shown in Section 2.5, where the

high amplitude fluctuations conceal the vibration signal at 84. range bin. The results

of AMF method for this dataset with six different FIR sizes are shown together with

the computed fast-time SNR values in Figure 3.1. When the FIR size is 5, the noise

reduction is not sufficient to clearly reveal the vibration at the target bin although the

computed fast-time SNR is 12 dB, since other peaks levels are comparable with the

output at the 84. bin.

The vibration becomes visible when N is greater than 50 and significantly higher

SNR values are achieved when N is greater than 200 reaching up to 30 dB. Increasing

the FIR size, hence the TPI duration improves the noise suppression of the AMF

method. Diagonal loading level and the size of the secondary data were fixed as 10

dB and 10, respectively. A total of 11 range bins from k = 10 to k = 20 were selected

to estimate the noise only SCM.
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Figure 3.1. AMF results for the 1. data set for different values of N .

3.3.2. Single-Weak Vibration Case

In the second dataset, a relatively weak vibration of 833.33 Hz with a slow-time

SNR value of 10 dB is synthetically included at the same range bin. This data with

weaker vibration was subject to AMF method with the same DL and secondary data

selections of the previous one. The results with six different FIR sizes are shown

together with the computed fast-time SNR values in Figure 3.2. Fast-time SNR was

computed by taking all range bins other than the target bin as noise cells. It can be

observed from the plots that the vibration at the 84. range bin is not solely observable

unless the FIR size is above several hundreds. As expected, the weaker the signal

the longer the required TPI to achieve the same amount of fast-time SNR or noise

suppression. In this case, a FIR size of N = 500 was required to achieve a fast-time

SNR of 20 dB while it was only N = 50 in the strong vibration case.
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Figure 3.2. AMF results for the 2. data set for different values of N .

Figure 3.3. AMF results with steering vector tuned to non-vibrating frequencies.



48

For the second dataset, the filter outputs were tested for some arbitrary frequen-

cies that are not equal to the vibration frequency such as 171 Hz, 283 Hz, 497 Hz and

1180 Hz. It can be seen in Figure 3.3 , that none of these tuned frequencies yielded

spikes at the output of the FIR filter. As the algorithm seeks vibrations over all range

bins, the filter output is only maximized when the test frequency matches the real

vibration. In all results, the first 3 range bins were selected as the secondary data for

estimating the noise only SCM and a linear diagonal loading level of 10 was used. (i.e.

ρ = 10 and Ls = {1, 2, 3}).

3.3.3. Multiple Vibrations

A second synthetic vibration was induced at the 244. range bin to analyze the

multiple vibration case. In the first case, the vibration frequency was selected to be

the same as the vibration at the 84. range bin. The slow-time SNR values of the

vibrations at 84. and 244. range bins were 18 dB and 15 dB, respectively. The results

of AMF are shown in Figure 3.4 for various FIR sizes with ρ = 10 and Ls = {1, 2, 3}.

For this multiple vibration case, the fast-time SNR for k = 84 was computed by

selecting all the range bins up to 200. cell excluding the 84. cell; and for k = 244,

the fast-time value was computed by selecting the range bins between 201 and 324 by

excluding the 244. one. It is clear from Figure 3.4 that the speckle profile of the FUT

is not suppressed significantly unless N = 200 and the second vibration at the far end

of the FUT is solely observable for N = 500.

In Figure 3.5, the AMF processing results are shown for the cases where the

secondary data region is extended close the 1. vibration. When the first 80 range

bins are used for the noise only SCM estimate, there is a slight increase in the SNR84

value. In other words, when almost all the range bins up to 84. cell is used for training

and the size of the secondary data is increased, the noise suppression is improved by

2.2 dB, as can be seen by the new SNR84 = 23.2 dB.
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Figure 3.4. AMF test results for the multiple vibrations at the range bins 84 and 244

with identical frequencies with ρ = 10 and Ls = {1, 2, 3}

Figure 3.5. AMF test results for the multiple vibrations at the range bins 84 and

244. FIR is tuned to 833.33 Hz with with ρ = 10 and Ls = {1, 2, ...., 80}
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The impact of another parameter modification is shown in Figure 3.6 by reducing

the DL level to 1 (i.e., 0 dB) by keeping the same secondary data. It is quite interesting

to see that when the DL level is reduced 10 dB, the noise suppression is significantly

improved. The suppressed level at the beginning of the fiber is obvious.

Another interesting result is shown in Figure 3.7, where the training set is ex-

tended to include all the cells along the FUT route except the 84. and 244. bins

(i.e.,#{Ls} = 323). In this case, both vibrations are better visualized and SNR244 is

improved significantly.

Numerous tests can be executed with varying Ls and DL level selections. These

sample results all show that both the secondary data and DL level selections are critical

factors influencing the AMF outcomes.

Figure 3.6. AMF test results for the multiple vibrations at the range bins 84 and

244. FIR is tuned to 833.33 Hz with ρ = 1 and Ls = {1, 2, ..., 80}
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Figure 3.7. AMF test results for the multiple vibrations at the range bins 84 and

244. FIR is tuned to 833.33 Hz with ρ = 0.1 and the secondary data including all the

range bins exluding the 84. and 244.

For the last case, multiple vibrations with different frequencies were subjected to

AMF processing in a similar fashion given above. The frequency of the second vibra-

tion at the 244. range is 625 Hz with an SNR of 11 dB. All of the range bins along the

FUT were selected as the secondary data, and ρ = 1 (0 dB). When the AMF is tuned

to 833.33 Hz, only the relevant vibration at the 84. bin is revealed as can be seen

Figure 3.8. More than 10 dB SNR is achieved when N ≥ 200. When the tempo-

ral steering vector is tuned to 625 Hz, the vibration at the far end with the same

frequency is extracted out of the suppressed background noise which is shown in

Figure 3.9. These results are in good agreement with the results shown in Figure 3.3

as the AMF output is maximized if and only if there is a vibration at the tuned fre-

quency. And the impact of the DL level selection is once more emphasized in Figure

3.10 where two different extreme DL level values are tested with ρ = 100 (20 dB) and

ρ = 0.01 (-20 dB) for the last dataset.
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Figure 3.8. AMF test results for the multiple vibrations of 833.3 Hz at the 84. range

bin and 625 Hz at the 244. range bin. FIR is tuned to 833.3 Hz with ρ = 1 and the

secondary data including all the range bins.

Figure 3.9. AMF test results for the multiple vibrations of 833.3 Hz at the 84. range

bin and 625 Hz at the 244. range bin. FIR is tuned to 625 Hz with ρ = 1 and the

secondary data including all the range bins.
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Figure 3.10. AMF test results for the multiple vibrations for two different DL levels.

The FIR is tuned to 625 Hz.

3.4. Conclusions

The proposed adaptive filtering based detection algorithms were applied to Monte

Carlo simulated φ-OTDR data. Based on the MSNR approach which were proven to

be equivalent to MMSE [68], FIR filtering of φ-OTDR samples was found success-

ful in reduction of the highly fluctuating amplitudes of Rayleigh based backscatter-

ing. Thus, perturbations embedded in the speckle like profile of the φ-OTDR traces

were successfully detected without any reduction in frequency response of the detec-

tion system which is one of the drawbacks of conventional frame averaging methods.

The AMF de-correlates the input data stream first, and then applies the warped

matched filter to the whitened data to maximize the tuned frequency response.

Besides the adaptive structure of the AMF to dynamic environments, one of its

attractive features is that it is inherently a CFAR detector [73]. Controlling the FAR

is critical for most demanding DAS applications, and the CFAR property of the AMF

makes the direct application of the conventional and popular CFAR techniques [74]

possible for φ-OTDR posterior to the FIR filtering.
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On the other hand, it was observed that the performance of the adaptive FIR

filter is mainly dependent on the two parameters: the secondary data size and the

DL level. It is clear that the training region selections during AMF processing with

simulated data did not reflect real-world situations. In real DAS applications, the

background along the fiber route will be heterogeneous most of the time; hence the

impact of secondary data selection strategy is expected to be much more severe for real

applications [75]. Nevertheless, the results presented herein clearly identify the main

features of the AMF technique which can be efficiently implemented with appropriate

CFAR techniques.

Selection of the DL value is another critical task. Since there is no definite

rule for selecting this value, the general rule of thumb used in radar and array signal

processing can be borrowed for DAS applications. The optimum level for DL will be

visited again in the following chapters.
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4. EIGENVALUE BASED ACOUSTIC VIBRATION

SENSING

4.1. Introduction

In the previous chapter, we demonstrated the efficacy of AMF approach with

simulated φ-OTDR signals and obtained promising results for the detection of weak

acoustic perturbations. The term adaptive refers here to the structure of the filter

that the optimum weight coefficients can be adapted to the environmental changes

as it requires the covariance measurements of the input data. Additionally, when the

steering vector is tuned to the actual vibration spectrum, the output SNR is expected

to be maximized. Since the AMF method relies on the prior information about the

vibration spectra, a brute force method to seek the entire frequency spectrum seems to

be crucial for most practical applications. Depending on the resolution of this scanning

process, from nearly DC to maximum detectable frequency which is equal to half of

the PRF of the φ-OTDR system may not be an appropriate method. Using multicore

processing power or utilizing parallel programming with appropriate hardware for this

task can be easily accomplished, but it naturally introduces additional complexity and

costs to the DAS hardware. In this regard, it is of importance to seek robust techniques

to either improve the AMF method or to find more efficient methods.

In this chapter, we introduce a new approach for DAS/DVS systems which is

based on the eigenspectra of the measured covariance. Similar to the AMF processing,

our main concern is again the SCM of the vibration-free case. The eigenvalue distribu-

tion is exploited for vibration detection and a CFAR detection technique is developed

by adapting the recent results from the RMT. Eigenvalue-based detection techniques

are successively applied especially in cognitive radio applications where the efficient

use of the frequency is of the main concern.
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Adhering to the similarity of the signal model used in cognitive radio [76–78]

and the effectiveness of the eigenvalue based techniques in detection primary users in

the spectrum, the covariance structure of the φ-OTDR system is reviewed and the

detection methodology is developed for DAS/DVS systems in this chapter.

4.2. Covariance Structure of the φ-OTDR Data

The hypothesis testing problem for vibration detection in a φ-OTDR system

can be interpreted in terms of the correlation properties of the measured data. Since

the noise and signal contributions are independent and uncorrelated, the covariance

matrices of the two hypotheses can be given as

Rx =

Rrbs + σ2
wIN , H0

Rs + Rrbs + σ2
wIN , H1

(4.1)

where Rrbs and σ2
wIN are the covariance matrices of RBS and receiver noise, respec-

tively; Rs = P0s(ω)s(ω)T is the rank one signal covariance matrix with P0 = |σp|2

being the signal power.The RBS term is inherently correlated on the fast-time axis but

it can be assumed uncorrelated if samples are collected on the same range bin (i.e. the

slow-time axis). In most practical cases, the real φ-OTDR samples will exhibit some

degree of correlations due to the band-pass structure of the data acquisition systems.

In general, these samples can be decorrelated by pre-whitening techniques as it was

inherently embedded in the AMF structure. Nevertheless, in this chapter the collected

samples for each acoustic channel will be considered white and for simplicity, we will

assume Rrbs = σ2
rbsIN with σ2

rbs being the average power of the RBS. In this case, the

SCM for the noise only case can be approximated by Rx/H0 = (σ2
rbs + σ2

w)IN = σ2
ηIN

where σ2
η is the average noise power. Finally, in the general case, in the case of a pure

sinusoidal vibration presence, the SCM will be the sum of two independent compo-

nents:

Rx/H1 = P0s(ω)s(ω)T + σ2
ηIN (4.2)
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4.3. Maximum Eigenvalue of the Sample Covariance Matrix

It can be easily seen that the signal vector is one of the eigenvectors of Rx if we

multiply (4.2) at both sides with s(ω)

Rxs = (P0ss
T + σ2

ηIN)s = P0ss
Ts + σ2

ηs = (NP0 + σ2
η)s (4.3)

where in the last step ssT = ||s||2 = N and we took s = s(ω) for simplicity in

notation. Thus, the corresponding eigenvalue – which is also the maximum eigenvalue

of the SCM – is equal to (NP0 + σ2
η). Since Rx has N orthonormal eigenvectors, all

of the other (N − 1) eigenvectors will be orthogonal to s (i.e. sTen = 0 where en is

the n-th eigenvector).

Rxe1 = P0ss
Te1 + σ2

ηe1 = σ2
ηe1 (4.4)

The equation (4.4) states that all of the other eigenvalues of the SCM are equal

to σ2
η. From above, it can be easily deduced that we can use the largest eigenvalue

of the SCM as a test statistic for our binary decision problem. In this case, the test

statistic can be heuristically transformed to

λmax(Rx) > γσ2
η (4.5)

where γ is a threshold value greater than 1. Principally, the vibration frequency is

also determined from the largest eigenvector as the e1 is a complex exponential with

a vibration frequency ω1.
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4.4. Eigenvalue Statistics of the Sample Covariance and the Random

Matrix Theory

As mentioned above, the eigenvalues of the RBS covariance will contribute to the

noise space in the absence of vibration. For this case, since the samples of the data are

all noise which is a purely stochastic process; the matrix is simply called as a “random

matrix”; which in turn results in pure randomness of the RBS covariance. Since our

vibration detection methods proposed here will be based on extreme eigenvalues of the

noise only SCM, it is worth to review the eigenvalue distributions of random matrices

which exhibit very interesting properties.

The spectra of random matrices and its spectral properties are studied by RMT

which has gained big attention of researchers and engineers recently. The RMT is being

exploited in numerous research fields ranging from nuclear spectra, atomic physics [79],

multidimensional data analysis [80, 81], machine learning [82], and wireless communi-

cations [78]. To handle the classical problem of separating noise and signal compo-

nents from received samples, the RMT related detection methodologies are based on

the eigenvalue statistics of the received data which are successfully tailored for signal

detection purposes in cognitive radio and radar applications [80] .

Let the sorted real eigenvalues for a N×N random and Hermitian matrix AN be

denoted by λ1, λ2, ..., λN . Central to the large random matrices is the empirical eigen-

value distribution function of AN with N real eigenvalues (counted with multiplicity)

which is defined as

FAN (λ) =
1

N
#{n : λn ≤ λ} (4.6)
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where #{ } denotes the number of elements of the set { }. The function FAN (λ) is

also called the cumulative distribution function (CDF) of the discrete uniform random

variable which can be written in a more mathematical form as

FAN (λ) =
1

N

N∑
n=1

1(−∞,λ)(λn) (4.7)

where 1(a,b)(λ) = 1 for a ≤ λ ≤ b and is zero otherwise. The empirical eigenvalue

probability density function (PDF) fAN
(λ) can be defined as the derivative of FAN (λ):

dFAN (λ) = fAN
dλ =

1

N

N∑
n=1

δ(λ− λn)dλ (4.8)

where δ(λ) is a Dirac delta function. For a broad class of random matrices, in the limit

case N →∞, fAN
(λ) converges to a non-random limiting eigenvalue density function

fA(λ).

In general, there are two types of eigenvalue distributions of interest: bulk statis-

tics and edge statistics. The former refers to the full set of eigenvalues a random ma-

trix while the latter deals with the fluctuations of the largest and smallest eigenvalues.

There exist three theorems which can be counted as the main theorems of the RMT:

Wigner’s semi-circle, Marcenko-Pastur and Tracy-Widom. Wigner’s semi-circle law

is attributed to symmetric random matrices while the other two theorems concern

Wishart type random matrices.

The extreme eigenvalues of a pure random matrix are of special interest most of

the time as they are used to describe important physical mechanisms in diverse appli-

cations. Since the SCM in our application is a Wishart type random matrix, we are

heuristically interested in using the two theorems of RMT for DAS/DVS applications

as described below.
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4.4.1. Bulk Statistics of the SCM: The Marcenko-Pastur Law

The fundamental tool to analyze the spectrum of large sample covariance matri-

ces is the Marcenko-Pastur(MP) [83] theorem which states the following:

Theorem 4.1. Let X be a sequence of random N ×M matrices (N = 1, 2, ...), with

M > N , satisfying the following:

• The elements xij of each X are independent random variables with zero mean

and unit variance.

• M depends on N in such a way that the ratio of rows to columns κ = N/M < 1

as N →∞.

Then the distribution of the eigenvalues of the Wishart matrix W = (1/M)XXT

asymptotically approaches the following:

fW(λ) =

(
1− 1

κ

)
δ(λ) +

√
(λ− λmin)(λmax − λ)

2πλκ
1(λmin,λmax)(λ) (4.9)

where λmin = (1 −
√
κ)2 and λmax = (1 +

√
κ)2 for eigenvalue λ within the bound

λmin < λ < λmax.

Hence, the minimum eigenvalue λN is bounded by λmin and the maximum eigen-

value λ1 is bounded by λmax. Figure 4.1 shows the analytical and empirical eigen-

value distributions for four different values of κ. The empirical distributions were

computed in MATLAB by simply running the X = randn(m,n) command and com-

puting the eigenvalues of the realized Wishart matrices for 500 trials. It can be easily

seen that histograms (yellow) are in good agreement with the analytical computa-

tion (blue). During the computations N was fixed to 50 and M was computed for

κ ∈ {0.02, 0.05, 0.1, 0.2} with M=round(N/κ). The realized Wishart type random

matrices were all real valued random matrices which are called Laguerre Orthogonal

Ensembles (LOE). The MP Law is also valid when the matrix elements are complex

valued which is called the Laguerre Unitary Ensemble (LUE) in the literature.
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Figure 4.1. Empirical and analytical eigenvalue distributions of a Wishart random

matrix for 4 different values of κ after 500 trials with size 50× 50.
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It is easy to see that the “maximum” and the “minimum” eigenvalues which are

denoted by λmax and λmin can be computed (estimated) without the eigen-decomposition

of SCM, by just knowing the “observation dimension” N and “the number of observa-

tions” M . The lower the κ value, the more compact the eigenvalue distribution of the

covariance matrix. Although (4.9) is only valid for M →∞ and N →∞, even finite

values of M and N , the distribution of the eigenvalues of the random matrix fits the

distribution function given by (4.9). Any outlier out of these bounds should indicate

the presence of a coherency in the data. In other words, the bounds λmax and λmin

can be used to track the statistical distribution of the SCM and to separate noise and

signal contributions.

4.4.2. Edge Statistics of the SCM: The Tracy-Widom Law

Although the MP Law gives the minimum and the maximum eigenvalues of a

random matrix in the limit, it does not tell anything about the fluctuations of these

extreme eigenvalues. The SCM defined in Section 3.2.2 and given by (3.19) is called a

real (complex) Wishart matrix when the received samples are real (complex). In the

case when κ (the ratio of number of observations to the observation dimension), tends

to a constant, the limiting distribution of largest eigenvalue the Wishart type matrices

with identity covariance is described again by the Tracy-Widom law [84] as proved by

Johnstone [85]. It has been also reported in [85] that the Tracy-Widom approximation

is satisfactory for N and M as small as 10. The result of Johnstone can be formulated

as follows:

Theorem 4.2. Let W be a white Wishart matrix and λmax be its largest eigenvalue.

Then the distribution

λmax(W)− µML,β

σML,β

(4.10)

approaches to the Tracy-Widom distribution of order β denoted by Fβ with β = 1 if

W is real and β = 2 if W is complex.
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The center and scaling parameters are given by

µML,1 = (
√
M − 1 +

√
L)2 (4.11a)

σML,1 =
√
µML,1(

1√
M − 1

+
1√
L

) (4.11b)

for β = 1 and

µML,2 = (
√
M +

√
L)2 (4.12a)

σML,2 =
√
µML,2(

1√
M

+
1√
L

) (4.12b)

for β = 2 respectively.

F1 refers to a particular distribution function from a family of cumulative dis-

tribution functions (CDF) Fβ and related probability distribution functions (PDF) fβ

for β=1; 2; 4. Fβ appear as the limiting distributions for the largest eigenvalues in

the Gaussian Orthogonal (GOE), Gaussian Unitary (GUE) and Gaussian Symplectic

ensembles (GSE), correspondingly. The three CDFs are given as

F2(λ) = exp

(
−
∫ ∞
λ

(y − λ)q2(y)dy

)
(4.13a)

F1(λ) = exp

(
−1

2

∫ ∞
λ

q(y)dy

)
[F2(λ)]1/2 (4.13b)

F4(2−2/3λ) = cosh

(
−1

2

∫ ∞
λ

q(y)dy

)
[F2(λ)]1/2 (4.13c)

Here q(y) is the unique solution to the Painleve II equation

q(λ)
′′

= λq(λ) + q(λ)3 (4.14)

satisfying the boundary condition

q(λ) ∼ Ai(y), y → +∞ (4.15)
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where Ai(λ) denotes the Airy function. The equations given by (4.13) are difficult to

evaluate and the random matrix model for the GSE has not been studied much in the

literature. On the other hand, the matrix models for GOE and GUE are often visited

and there are already calculated tables for β = 1 and β = 2 and MATLAB codes to

compute the thresholds [86,87]. In this research study, we focus on the intensity data

(i.e.real valued data) at the photo-detection output, hence we are concerned with the

GOE case. Some values of F1 are given in Table 4.1.

Table 4.1. Some values of F1(λ).

λ -3.90 -3.18 -2.78 -1.91 -1.27 -0.59 0.45 0.98 2.02

F1(λ) 0.01 0.05 0.10 0.30 0.50 0.70 0.90 0.95 0.99

Figure 4.2. TW distributions representing the distribution of the largest eigenvalue

of the SCM for 3 different (real, complex and quaternion valued) SCMs.
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4.5. Maximum Eigenvalue Detection (MED)

Our objective is to evaluate the largest eigenvalue of the SCM for vibration

detection. To proceed with our objective, we start by segmenting the input φ-OTDR

data stream of size N into L equal length consecutive blocks. In other words, the TPI

will be interpreted as an N = ML long sequence constructed from slow-time samples

as illustrated in Figure 4.3.

Figure 4.3. Segmentation of the input data for the MED technique.

For each k-th channel of the DAS system, by considering the each segment as a

column vector and concatenating them in order, we now organize the φ-OTDR RBS

data matrix of the form:

X k = [x k,1 x k,2 ... x k,L] =



xk,1(1) xk,2(1) ... xk,L(1)

xk,1(2) xk,2(2) ... xk,L(2)

. . ... .

. . ... .

xk,1(M) xk,2(M) ... xk,L(M)


(4.16)
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As we are interested in the correlation properties of the received samples, we

need the statistical covariance matrix of the data. Due to the inherent finiteness of

the measured data, instead of the real statistics, we have the SCM which can be

estimated by

R̂x,k =
1

L
X kX

T
k =

1

L

L∑
l=1

x k,lx
T
k,l (4.17)

where L is the number of segments as shown in Figure 4.3, and l = 1, 2, ..., L. Equation

(4.17) is no different from the SCM estimated in the AMF approach given by (3.9),

where the noise only assumed vectors were taken into account for noise reduction

processing. Here, the situation is only different that the spectrum of the SCM is of

interest. By remembering the two hypotheses written in terms of the SCMs in (4.1),

the largest eigenvalue is evaluated for our binary detection problem. In this case,

for the k-th acoustic channel, the test statistic denoted by T (x k) can be heuristically

transformed to

T (x k) =

H0 , if λmax(R̂x,k) < γσ2
η

H1 , if λmax(R̂x,k) ≥ γσ2
η

(4.18)

where γ is the predetermined threshold as stated before. Setting this threshold in

binary detection problem is critical because a too low threshold will result in an in-

crease in the FAR while a too high threshold will lead to missing weak vibrations. In

that case, the probability distribution of the largest eigenvalue of the SCM becomes

the key issue in setting the appropriate threshold. Since it is impossible to have a

priori knowledge about the vibration of interest in most cases, we can’t know the

probability distribution function of the SCM for the H1 case. For this reason, we will

rely on the noise-only assumed samples and follow the well-known Neyman-Pearson

criterion [88,89] to set a threshold for a predetermined fixed FAR.
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The probability of false alarm (PFA) of the largest eigenvalue based detection

technique proposed here can be computed as follows [90]:

PFA = P (λmax(R̂x) > γσ2
η) = P

(
σ2
η

L
λmax(W ) > γσ2

η

)
= P (λmax(W ) > γL) = P

(
λmax(W)− µML,β

σML,β

>
γL− µML,β

σML,β

)
≈ 1− Fβ

(
γL− µML,β

σML,β

)
(4.19)

Remember that M is the number of noise-only snapshots used in estimating the

SCM (i.e. the column size of the data matrix). (4.19) can be written as

Fβ

(
γL− µML,β

σML,β

)
= 1− PFA (4.20)

Thus, we can write

γL− µML,β

σML,β

= F−1
β (1− PFA) (4.21)

By using the definitions of µML,β and σML,β given above the threshold can be

computed as:

γ =
σML,β · F−1

β (1− PFA)

L
+
µML,β

L
(4.22)

It can be seen by (4.22) that the threshold value is dependent on the data matrix

size and the preselected FAR value. PFA as a function of κ was computed for some κ

and TPI values and the results are shown in Figure 4.4.
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(a)

(b)

Figure 4.4. Probability of false alarm versus threshold: (a) for fixed TPI and with

various κ values; (b) for square data matrices (κ = 1) for various TPI durations.
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By considering all the above analytical derivations, the following steps can be

followed for a maximum eigenvalue based detection algorithm which will be called

shortly as the MED algorithm from now on:

(i) A segmentation strategy is determined for the block size (M) and number of

consecutive blocks (L) to process at a time and the φ-OTDR data is collected.

(ii) The data and the associated SCM are constructed by via (4.16) and (4.17).

The columns of the covariance matrix are properly scaled to have zero mean and

unit variance.

(iii) The threshold κ is computed via (4.22 ) for a preselected FAR rate.

(iv) The eigenvalues of the SCM, hence the largest eigenvalue λmax(R̂x,k) is computed

and compared with the threshold. The decision is made in favor of an acoustic

vibration if λmax(R̂x,k) ≥ κ , or vice versa. The above steps are to be repeated for

every acoustic channel in a similar manner done before for the AMF algorithm

in Chapter 3.

4.6. Applications of MED for Vibration Detection

The performance of the MED algorithm was evaluated for both strong and weak

vibration conditions as we did in the previous chapter and the same four data sets

with varying TPI durations were used. As there are numerous choices for the selection

of the M and L; limited numbers of test results are given for the MED with TPI dura-

tions comparable of those tested with the AMF approach. Additionally, the empirical

eigenvalue distributions were also computed and compared with the analytical equa-

tions of Section 4.4. The application of the MED algorithm for various (M,L) pairs

will be denoted by MED(M,L) throughout the text. The associated TW threshold

values computed for the selected (M,L) pair will be shown by dashed red lines on

every plot. Since the simulated data was based on intensity detection and real-valued,

the TW thresholds were computed for β = 1.
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4.6.1. Single-Strong Vibration Case

As done before in the previous chapter, we start with the φ-OTDR data with

a clearly visible vibration having a slow-time SNR = 21 dB at the 84. range bin.

The results for this 1. dataset with selections of MED(5,10), MED(5,20), MED(5,40)

and MED(5, 100) with a selected FAR rate of PFA = 0.01 are shown in Figure 4.5.

Figure 4.5. MED(M,L) processing results of the 1. data set with M = 5,

L = {10, 20, 40, 100} and PFA = 0.01.

Here, the segment size was fixed at M = 5 and the TPI durations were increased

from N = 50 to N = 500 by increasing the number of consecutively observed seg-

ments. Only four descriptive samples were presented here and none of the (M,L)

selections yielded a peak at the expected range bin after MED processing as shown in

Figure 4. 5; hence the target is missed. When M is increased to 10 with the same

increasing order of L in Figure 4.5, the target vibration is still missed except for

MED(10,50) where the vibration at 84. range bin revealed out but hardly detected

as can be seen in the bottom left plot of Figure 4.6. The relevant TW threshold for

PFA = 0.01 with MED(10,20) and MED(20,40) is above the λ1 of the SCM.
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Figure 4.6. MED(M,L) processing results of the 1. data set with M = 10,

L = {10, 20, 40, 100} and PFA = 0.01.

Figure 4.7. MED(M,L) processing results of the 1. data set with M = 15

L = {10, 20, 40, 100} and two PFA vaues:PFA = 0.01 and PFA = 0.001.
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The results of MED processing for M = 15 are shown in Figure 4.7. The thresh-

olds were computed for two different FAR rates: PFA = 0.01 (dashed red line) and

PFA = 0.001 (dashed gray line). It is clear that for all TPI selections the vibration

is solely observed and successfully detected with the selected FAR rate of 0.01. Since

all the observed fast-time SNR values are high, the vibration will be still detectable

even with a more stringent FAR rate of PFA = 0.001 where all the computed relevant

thresholds for (M,L) selections are lower than the largest eigenvalue of the SCM.

The performance of MED processing with square data matrix (i.e., κ = 1 )

selections was also analyzed as shown in Figure 4.8 for 4 different (M,L) pairs.

Except for M = 10, the vibration was detected with PFA = 0.01 for all other cases.

A critical situation of missing the vibration exists where FAR is reduced to 0.001 since

the fast-time SNR computed for MED(20,20) is at a critical level and just below the

threshold. An interesting result was observed for MED(40,40) where the fast-time SNR

was below the fast-time SNR observed for MED(30,30) although the TPI duration is

longer with (40,40) than that of the TPI with (30,30).

Figure 4.8. MED test results of the 1. data set for 4 different square sized data

matrix (M = L) selections. L = {10, 20, 30, 40} with PFA = 0.01 .
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4.6.2. Single-Weak Vibration Case

The MED processing of the previous section was repeated for the relatively

weaker vibration data with the same (M,L) selections. First sample results, with

a fixed selection of M = 5 and TPI increases with L = {10, 20, 40, 100} are shown in

Figure 4.9. None of the MED processing yielded a peak at the 84. range bin and the

vibration is missed.

Figure 4.9. MED test results of the second data set with matrix M = 5,

L = {10, 20, 40, 100} and PFA = 0.01 .

When the segment size is increased to M = 10, the situation is the same and the

vibration is not detected for the identical number of observation choices as depicted

in Figure 4.10. The TPI is further increased by M = 15 and the vibration becomes

detectable when the number of consecutive segments are 40 or above, as shown in

Figure 4.11.
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Figure 4.10. MED(M,L) processing results of the 2. data set with M = 10,

L = {10, 20, 40, 100} and PFA = 0.01.

Figure 4.11. MED(M,L) processing results of the 2. data set with M = 15,

L = {10, 20, 40, 100} and two PFA vaues:PFA = 0.01 and PFA = 0.001.



75

The MED tests were repeated with square data matrix selections for

M = {10, 20, 30, 40} and the results are presented in Figure 4.12. As expected, the

fast-time SNR values were lower than the SNR values obtained with the 1. data set.

The result of having a higher fast-time SNR with MED(30,30) than MED(40,40) pro-

cessing repeated again in this data, as shown in Figure 4.12.

Figure 4.12. MED test results of the second data set for 4 different square sized data

matrix (M = L) selections. L = {10, 20, 30, 40} with PFA = 0.01 .

4.6.3. Multiple Vibrations

To avoid the redundancy, multiple vibrations with the identical frequency were

not analyzed in this section. The case where two vibrations at two different range bins

with different vibration frequencies was subjected to testing with the MED approach.

The results are shown in Figure 4.13 below for six different processing durations with

for M = 15 and PFA = 0.01. Only the vibration at the 84. range bin is detected while

the vibration close to the fiber end is missed. False alarms were observed at the 252.

range bin for MED(15,40), at the 154. range bin for MED(15,100) and MED(15,200).
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Figure 4.13. MED test results of the 4. data set with M = 15, L =

{20,30,40,50,100,200} and PFA = 0.01 .

When the segment size was increased to M = 20 but the number of obser-

vations was kept the same as before, interesting results was observed as neither of

the vibrations were detected for MED(20,20) and MED(20,30) selections. When the

number of consecutive observations is increased to L = 30, only the further vibra-

tion was revealed and the 1. vibration is still missed as shown in the second row of

Figure 4.14. Both vibrations become discernable when the TPI is increased with

MED(20,50) and MED(20,100). The fast-time SNR of both vibrations exceed 15 dB

when the TPI duration is over 1 second.
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Figure 4.14. MED(M,L) processing results of the 4. data set with M = 20,

L = {20, 30, 40, 50, 100, 200} and PFA = 0.01 .

When the segmentation is modified by increasing the segment size to 25,

the vibration at the 84. range bin is much more emphasized and the 2. vibration of

625 Hz at the 244. range bin became undiscernible unless L = 200 as can be seen

clearly in Figure 4.15. This is quite interesting, because previous attempts with

M = 20 and with shorter processing durations such as MED(20,40) and MED(20,50)

successfully detected the 2. vibration while longer processing times with M = 25 did

not reveal the 2. vibration; it even did not yield any peaks close to the threshold as

can be seen in the 2. and 3. rows of Figure 4.15.
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Figure 4.15. MED test results of the 4. data set with M = 25,

L = {20, 30, 40, 50, 100, 200} and PFA = 0.01 .

4.7. Empiricial Eigenvalue Distributions

Besides the binary detection problem analysis which is handled by the Tracy-

Widom distributed largest eigenvalue, the bulk statistics of the eigenvalue distributions

for different SCM structures were also analyzed to evaluate the MP Law with simulated

φ-OTDR data. Some example results of this analysis are given for different data matrix

sizes below. The eigenvalue distribution of a SCM estimated from noise-only range

bins of the 1. data set is shown for two different segmentations in the upper row of

Figure 4.16.
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Figure 4.16. The MP bounds and the empirical eigenvalue distributions of the 1.

data set computed from 50 consecutively TPI blocks at the 80. range bin (H0 case)

and the 84. range bin (H1 case).

When the SCM is computed for the 84. range bin which includes a vibration,

eigenvalues higher than the analytical maximum were observed as depicted in the lower

row of Figure 4.16. The SCM computed at the 84. range bin is not a pure random

matrix anymore, because it is contaminated by a vibration signal and this coherency

in the SCM exhibits itself as an outlier in the eigenvalue distribution. The locations

of the outliers are sufficiently far away from the upper bound due to the high SNR of

the 1. data set. The outliers are expected to be observed closer the noise eigenval-

ues as the SNR is decreased which is verified simply by evaluating the MP Law for

the 2. data set. As shown in the lower row of Figure 4.17, the outliers are located

closer to the λmax bound, which verifies the relative weakness of the vibration in the

2. data set.



80

Figure 4.17. The MP bounds and the empirical eigenvalue distributions of the 2.

dataset computed from 50 consecutively TPI blocks at the 80. range bin (H0 case)

and the 84. range bin (H1 case).

The impact of the data segmentation for SCM estimation and the binary detec-

tion problem was presented in the previous section by evaluating the TW threshold

for various (M,L) pairs. One example was given in Figure 4.14 that the MED(20,20)

and MED(20,25) processing selections did not successfully detect the vibration of the

4. data set. When we evaluate the MP Law for MED(20,20) and MED(20,25) for

this much weaker vibration, although very close the boundary, the outliers are pre-

dictable as shown in Figure 4.18. The separation of the noise and the vibration signal

at the 244. range bin become more distinguishable when the TPI is increased similarly

as done before. The empirical eigenvalue distribution compared with the analytical

bounds for this case is shown in Figure 4.18.
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Figure 4.18. The outliers of the empirical eigenvalue distribution at the vibration

range bin for the 4th dataset: 200 consecutive TPI’s were processed with six different

data matrix sizes with M = 20 and L = {20, 25, 30, 40, 50, 75}.

The fact that the MED(20,20) and MED(20,25) processing did not detect the

vibration, but the bulk distribution presentations exhibited outliers with the same

segmentation might be considered as suprising at first look. Actually, all the results

presented for the binary detection problem in the previous section were the outputs of

MED(M,L) selections for a single TPI duration. But, the MP Law was evaluated with

several hundreds of TPIs selected consecutively; hence the distribution was evaluated

by considering huge amount of data matrices. If the MED(M,L) processing with a

predetermined threshold were processed consecutively or in a block-by-block basis,

and the outcomes are coherently added for every TPI processed, then the detection
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performance of the MED(M,L) would be improved as more TPI’s are processed. Or

vice versa, if the MP Law was evaluated for a single TPI and the distribution is plotted,

for each TPI run, the outlier is expected to be visible in a random manner depending

on the strength of the weak vibration.

4.8. Conclusions

It was experimentally verified by Monte Carlo simulated φ-OTDR data that the

largest eigenvalue of the SCM can be used as a test statistic for detecting vibrations.

Additionally, the recent results of RMT were also evaluated for DAS applications for

the first time. The TW Law was visited to derive the necessary threshold for binary

detection. The results of the MP Law were verified with experiments and it was shown

that the bulk statistics of the optical SCM are well described by the MP Law; any

outlier eigenvalue can be considered as a sign of coherency in the measured data.

When compared with the AMF approach, the main advantage of the MED tech-

nique is that it is capable of detecting the vibrations without any prior information

about their frequency content. As it was the same with the AMF method, the per-

formance is dependent on the observation (or the measurement) time, but it seems

from the experiments presented in this chapter that there is no definite rule for a

segmentation strategy.
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5. LABORATORY EVALUATIONS WITH REAL φ-OTDR

DATA

5.1. Introduction

Up to now, we proceeded with computer simulated φ-OTDR data to evaluate

the performance of the proposed signal processing methods for DAS/DVS applications.

In this chapter, we focus on the application of AMF and MED based techniques with

real data gathered in the laboratory environment. For this purpose, a real φ-OTDR

system developed is described in the first step. In the second step, the test results of

AMF and MED techniques are given.

5.2. Real φ-OTDR System Development

Our experimental laboratory setup is shown in Figure 5.1 which is mainly com-

posed of two sections: the DAS system and the fiber under test (FUT). The FUT is

cascaded of two FO cable spools which are 7.3 km and 21.48 km long. Since we ob-

served that the fiber optic cables were highly sensitive to acoustic noise in the environ-

ment, the FO spools were put in an enclosure with specially lined acoustic absorbers to

relatively reduce to the impact of the environment. We extracted the cascading point

of FO spools outside the box to induce an acoustic vibration on the 7300 m location.

For this purpose, a PZT based linear phase-shifter is used to simulate the vibration

and the frequency of the phase shifts is adjusted by a function generator. The output

of the function generator is amplified which is necessary to drive the phase shifter

due to the given specifications by the vendor. The order of the two spools can be

interchanged to locate the perturbation closer to the far end of the FUT.

The experimental DAS system - which is called as FOTAS - consists of two main

subsystems which are 19 inch rack mountable instruments. The first subsystem is

called the Optical Interrogator Device (OID) which is based on CD-OTDR architecture
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and the 10 percent of the laser power is used as OLO in the interrogator. It incorporates

the all optical and electro-optical components of the DAS system as shown by the

dashed lines in the upper left part of Figure 2.1 of Section 2.1.

The second subsystem is a Software Defined Radio (SDR) based receiver which

is used to capture and analyze the φ-OTDR signals with DSP capabilities. The OID

emits optical pulses and receives the backscattered optical power in a cooperative

manner with the SDR receiver. The output of the OID is an IF stage of 100 MHz

which is the modulation frequency of the AOM. The SDR device is also responsible

for modulation waveform parameters that are managed by the user. It incorporates a

radio frequency (RF) front end tunable up to 2.7 GHz. The IF & baseband processing

section includes high-speed and high-resolution digitization and waveform synthesis

blocks and a Field Programmable Gate Array (FPGA) with onboard memory.

Figure 5.1. The general indoor setup for gathering real φ-OTDR data.
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The SDR serves as the system control unit of the whole system which is operated

via the Graphical User Interface (GUI) of the SDR receiver. After the electrical signal

is routed to the super-heterodyning stage of the SDR, it is then digitized by a 2-channel

14-bit 250 MSPS A/D and processed by the FPGA block. The baseband I/Q signal

is digitally down-converted and decimated for baseband conversion. The raw data is

then transferred to another personal computer to be processed in MATLAB. In this

research study, the SDR device is only used to capture real-time data and store it

for subsequent processing. After decimation, the final number of I/Q data samples

recorded by the system for the experiments can be adjusted by the system operator.

Figure 5.2. The FOTAS system: the 1st prototype developed for real data gathering.

5.3. Indoor Experiments

The FOTAS system parameters were set to fixed values before recording the data

for different vibration frequencies. The technical specifications and the general system

parameters used during experiments are summarized in Table 5.1.
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Table 5.1. General test parameters used during indoor experiments.

System Component Smbol Value

Laser Wavelength λt 1559 nm

Laser Source Power Pt 22 mW

Laser Frequency Linewidth ∆f ≤ 3 kHz

OLO Power PLO 2.2 mW

AOM Frequency ωIF/2π 100 MHz

Type of FUT - Corning R© SMF-28 R©
FO refractive Index neff 1.467

Interrogation Frequency PRF 2500 Hz

Pulse Width τ 860 ns

Spatial Resolution SR Variable between 70 - 90 meters

Total Optical Insertion Loss IL 6 dB

Length of the FUT LFUT 28780 m

Number of Range Bins/Trace K Variable between 228 and 4560

Vibration Location(s) l1, l2 7300 meters (1st) , 21480 meters(2nd)

Range Bins of Vibration p1, p2 84 or 104 (1st) and 307 (2nd)

Before the experiments, the connection between the detectable MR and the max-

imum SR definitions were experimentally verified by changing the system parame-

ters such as the laser power, the pulse interrogation frequency, and the pulse width.

Additionally, although a booster EDFA was not used at the transmitter stage, the peak

optical power launched into the FUT was measured by an optical spectrum analyzer

to verify that the system is free of the SBS impact which may have impairments on

the received signal [31]. The display range of the GUI was taken as 40 km to observe

the total Rayleigh scattering profile easily along the 28.78 km long FUT. A typical

φ-OTDR trace gathered from the system is shown in Figure 5.3. The exponential

decaying and speckle-like feature of the RBS up to the end of the FUT are obvious.

As mentioned previously in Section 3.1, the total background noise is composed of the

RBS related part plus the receiver noise term till the end of the FUT which is 28.78

km. The data record in the flat region of the plot corresponds only to the receiver

noise terms.
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Figure 5.3. Typical φ-OTDR trace recorded indoor by the FOTAS system.

Table 5.2. Indoor data used during testing.

Data

Index

Frames

Recorded

Duration

[Seconds]

Vibration Information

Frequency @Range Bin

Acoustic

Isolation

SNR

[dB]

1 17,043 6,82 833.33Hz @84 Yes 30

2 13,753 5,44 1225Hz @84 Yes 30

3 25,588 10,23 833.33Hz @84 No 15

4 21,499 8,6 833.33Hz @84 No 0

5 13,500 5,4 1225Hz @104 /841Hz @307 Yes 25

The AMF and MED approaches introduced in the previous chapters were tested

for several different vibration frequencies. The general parameters of the indoor

datasets used in this thesis are summarized in Table 5.2. The first frequency selected is

833.33 Hz, and it is the same frequency used in our previous simulation study for com-

parison. The second vibration frequency is 1225 Hz, and it is selected close to the

maximum detectable frequency, which is half of the PRF, i.e., 1250 Hz. These vibra-

tion frequencies are controlled by the function generator and is equal to the frequency

of the sinusoidal waveform used to modulate the phase shifter. The first two data were

recorded with the acoustic absorbers. The 3. and the 4. data sets were recorded with

the acoustic absorbers removed to see the impact of the indoor environmental noise.
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The last data set is the coherent sum of two different data records to analyze the

multiple vibration case. For this data record, a second vibration was induced closer to

the far end, at the 21.5 km of the FUT by interchanging the position of the FO spools

and the φ-OTDR traces record were coherently added to the record of the 1. vibration

at the 7.3 km. The total number of range bins of the 5. data set was modified as 570

and the SR was approximately 70 m. After raw φ-OTDR data are recorded by the

SDR, they are subjected to off-line adaptive processing (i.e., MATLAB routines) with

different processing times and the results are summarized below.

It is worth emphasizing that, before processing with either the AMF or the MED

approach, the signal bearing time segments of all recordings were rigorously analyzed

by observing the spectrograms of the vibration range bins. This was due to the SOP

effects of the CD-OTDR based system and the vibration signal was sometimes observed

to diminish. Because of these SOP effects, the TPI selections were carefully selected

to assure vibration signal presence in the time interval of interest; and the same TPI’s

were used for both AMF and MED tests.

5.3.1. AMF Test results

The AMF algorithm was run several time with varying FIR filter sizes as done be-

fore in Section 3.1 for the Monte Carlo simulated data set. The first three range bins on

the FUT axis were selected as the training region, i.e., #{Ls} = 3.

The filtered φ-OTDR traces were obtained with the AMF method for every range bin

by setting the tuning frequency of the steering vector equal to the vibration frequency

of

833.33 Hz. As mentioned earlier in this text, the performance criterion is to ob-

serve the SNR at the output of the filter along the FUT axis. Namely, remembering

the equation (3.1), the fast-time SNR value for the 84. channel after AMF processing

is calculated by the following equation:

SNR(k=84) = 10log10

(
|zk=84|2

(#{Ls})−1
∑
∀k∈Ls,k 6=84 |zk|2

)
(5.1)
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In the first four data recordings, LFUT was computed as 327 according to the

total length of the FUT and the spatial resolution, which were 28780 m and 88 m,

respectively (i.e., b28, 780/88c = 327, which is the number of effective channels worth

monitoring). The DL level was fixed with ρ = 10 (10 dB). The computed results of

(5.1) for various FIR sizes are displayed in Figure 5.4 ranging from the top to the

bottom and left to the right for increasing N , which corresponds to increasing TPI.

Figure 5.4. AMF test results for fp1= 833.33 Hz.

When the size of the input vector of the FIR filter is equal to five (i.e., N = 5

and TPI = 2 ms) there is significant speckle reduction in the φ-OTDR trace, but no

peaks are observed along the range axis, while the calculated SNR is 0.043 dB for

the vibration point. Although the SNR is calculated as 7.81 dB when is N increased

two-fold, no peaks are observed. When N = 50 and the resulting TPI duration is

increased to 0.02 seconds, the expected peak at the 84. range bin is revealed with a

resulting SNR value of 22.3 dB.
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For the last three trials, the size of the filter is selected as 100, 200 and 500, and

the observed SNR values are 27.1 dB, 31.2 dB and 33.9 dB, respectively. As can be

easily seen from the filter outputs given in Figure 5.4, the peak at the 84. range bin

becomes obivous, while the background noise severely supressed with increasing N .

Figure 5.5. AMF test results for fp2= 1225 Hz.

The same steps were repeated for the second dataset recorded when fp = 1225

Hz and with the test frequency equal to 1225 Hz. For N = 5, the SNR is -7.02 dB, and

there is not enough reduction in the background noise to reveal the vibration signal.

A high reflection is observed at the end of the FO cable. However, when the size of

the FIR filter is increased to 10, the peak is observed with an SNR value of 17.4 dB.

As N is increased to 100, 200 and 500, the results are similar to the ones obtained

for the previous data with the fast-time SNR values of 28.2 dB, 30.3 dB and 34 dB,

respectively,as shown Figure 5.5.
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For the second dataset, the filter outputs were tested for some arbitrary frequen-

cies that are not equal to the vibration frequency such as 171 Hz, 283 Hz, 497 Hz and

1180 Hz. It can be seen in Figure 5.6 that none of these tuned frequencies yielded

spikes at the output of the FIR filter, as expected.

Figure 5.6. Indoor test results with the steering vector tuned to non-vibrating

frequencies (i.e., f 6= fpi , i = 1, 2).

The measurement results were also compared with the simulated φ-OTDR data.

For this task, firstly the simulated data having an almost identical slow-time SNR

value was selected, and the power spectrum of the vibrations were compared for veri-

fication as can be seen in Figure 5.7 where both simulated and measured data yielded

a peak at 0.833 kHz frequency and with the same signal strength. After observing

the periodograms, the AMF algorithm was executed for both measured and simulated

datasets for increasing N . The SNR versus N plots are given in Figure 5.8. It can be

concluded in general that the simulation results are in good agreement with the ex-

perimental results. The main difference seems to be the relative asymptotic behavior

in the measurement data compared to the simulation results. It is also quite obvious

that for relatively such strong vibrations, there is no logical reason to increase the

FIR size above 500 since the achieved noise suppression is sufficiently enough and the

fast-time SNR reaches a limit.
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Figure 5.7. The slow-time power spectrum densities of the simulated and measured

vibrations at the target range bins with 833.33 Hz vibration.

Figure 5.8. SNR vs N plots of the simulated and measured φ-OTDR data.
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For the second phase of the indoor experiments, the AMF method was tested

with the acoustic enclosure removed. Two different vibration datasets were recorded

with the 833.3 Hz vibration turned on for approximately 3 s to emulate “strong” and

“weak” non-continuous vibrations. For the strong vibration case, the amplitude of

the signal generator was adjusted to a level that the spectrum of the signal exhibits

a visible peak. For the weak vibration case, the amplitude was decreased to a level

where the peak is obscured by the noise spectrum. The spectrogram plots computed

in MATLAB are presented in the upper row of Figure 5.9.

The periodograms were computed for only the signal durations to verify the

visibility of the signals before applying the AMF. As shown in the lower row of

Figure 5.9, the SNR in the strong signal case is about 15 dB over the noise floor.

From the graph presented in the lower right part of the figure, it is impossible to

decide on the presence of a vibration signal with the power spectrum.

Figure 5.9. Power spectrum density plots for the last two data sets at the target

range bin. The upper row is the time-frequency plot for the whole recording while

the graphs in the lower designate the periodogram plots.
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The fast-time SNR values versus FIR size were computed for both strong and

weak signal conditions and shown in Figure 5.10. It can be seen from the figure that

the trend of the SNR curve is similar to those obtained for the measured data with

acoustic isolation. There is a negative offset in the SNR axis, which can be expected

due to the reduced power of vibration signal; or vice versa, the increased impact of

the background noise after removal of the enclosure. Thus, it can be thought that

the observed results are consistent with the previous results obtained with stronger

vibrations. An interesting point observed was the oscillating behavior of the SNR

curve for the weak signal test.

Figure 5.10. SNR vs N curve for the strong and weak vibration φ-OTDR data with

fp = 833.33 Hz.

Figure 5.11 presents AMF results obtained for the weakest vibration with the

same set of N values as previously selected. The peak at the 84. range bin is not

observed unless N = 200, but it is not very dominant since the next higher peak

on the left seems to be another vibration candidate, which may cause a false alarm.

Significant noise reduction is obtained, and the vibration is emphasized when N = 500.
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Figure 5.11. AMF test results for the weak vibration of 833.33 Hz without the

acoustic isolation.

The last dataset included a 1225 Hz vibration at the 104. range bin and an

841 Hz vibration at the 307. range bin. The data was recorded with the acoustic

enclosure. The results of AMF processing for the two vibrations are shown below with

the FIR filter outputs normalized. The test results for the 1. vibration with the AMF

tuned to 1225 Hz are shown in Figure 5.12. It can be seen that the fast-time SNR

reaches a very high value even with N=100. According to the results obtained with

the SNR vs N curves previously in Figure 5.8 and 5.10, no further test was required for

N > 500. The vibration close to the far end of the FUT is also easily detected when

the AMF is tuned to 841 Hz as can be seen in Figure 5.13. When compared to the

vibration at the 104. cell, this is even detectable with less TPI durations. As it was

depicted in Figure 2.3, the vibrations at short distances require more SNR for reliable

detection. All the range bins along the FUT length were selected as the secondary

data set (i.e.#{Ls} = 409).
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Figure 5.12. Normalized intensity at the AMF output for the vibration of 1225 Hz at

the 104. range bin with the acoustic isolation.

Figure 5.13. Normalized intensity at the AMF output for the vibration of 841 Hz at

the 307. range bin with the acoustic isolation.

Shortly, the selectivity of the AMF method is once more emphasized in the results

presented in Figure 5.12 and 5.13.
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For the last case in AMF testing with the indoor data, the impact of the DL level

was tested. Figure 5.14 and Figure 5.15 represent the AMF results for two different DL

levels for N = 200 and N = 500 with the steering vectors tuned to 1225 Hz and 841

Hz, respectively. Although the 1. vibration is revealed for both of the DL selections,

the impact of the DL level is obvious where the SNR is reduced for ρ = 0.01 as can

be seen in the bottom right plot of the Figure 5.14. The fast-time SNR value was

computed by considering all the range bins from 10 to 200 excluding the 104. cell as

noise-only cells. For the second vibration at the 307. range bin, detection is possible

only for N = 500 and ρ = 100. The vibration is missed when the DL level is reduced

to ρ = 0.01. The fast-time SNR for this vibration was computed between the range

bins 201 and 409 (i.e. the FUT ends at 410. range bin).

Figure 5.14. Normalized intensity outputs for the weak vibration of 1225 Hz with the

acoustic isolation.

The impact of the DL level was additionally tested for two different Ls settings.

AMF results for ρ = 100 and ρ = 0.01 are shown in Figure 5.16 and Figure 5.17 for

both vibrations. For all trials, the FIR size was fixed as N = 500. For the 1. vibration

at the 104. range bin with 1225 Hz, the first secondary data region was selected as

Ls = {51, 52, ..., 59, 60}. As it is shown in the first column of Figure 5.16, the two

extreme DL levels did not yield significant difference at the AMF outputs.



98

In the second test, the range bin with the vibration was included in the train-

ing set with Ls = {51, 52, ..., 159, 160}. In this case, the changes of the DL levels

significantly affect the AMF output as can be seen in the right column of Figure 5.16.

Figure 5.15. Normalized intensity at the AMF output for the vibration of 841 Hz

with the acoustic isolation for two DL level selections.

Figure 5.16. Normalized intensity at the AMF output for the vibration of 1225 Hz

with the acoustic isolation for two DL levels and secondary data regions.
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The same methodology was followed for the further vibration at the 307. range

bin by tuning the AMF to 841 Hz. When the target vibration is not included in the

secondary data, the AMF output is not affected by the training region size as shown

in the left column of Figure 5.17 for the DL levels. When the vibration range bin is

included in the noise-only assumed SCM estimation with Ls = {251, 252, ..., 359, 360},

then the AMF output significantly changes as can be seen in the right column of

Figure 5.17. The vibration was not revealed clearly for this dataset when the DL is

extremely reduced to -20 dB with respect to unity DL.

Figure 5.17. Normalized intensity at the AMF output for the vibration of 841 Hz

with the acoustic isolation for two DL levels and secondary data regions.

The results show that the DL level selection is critical when there is signal con-

tamination in the secondary data set. As mentioned earlier that there is not a definite

rule for the selection of an optimum DL level and a general rule of thumb is followed

usually by setting the DL level 5-10 dB above the noise floor in beamforming applica-

tions. On the other hand, although the optimum DL selection problem has not been

studied for the temporal case, the steering vector errors under signal contamination in

the secondary data have been studied for beamforming applications [91].
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In [91], the direction of arrival of a weak signal is estimated under strong

interference and it was analytically shown that the optimum value is always nega-

tive and it can be efficiently approximated by

ρopt ≈ −(σ2
w + P0N) (5.2)

where N is the size of the SCM (or the weight vector). The temporal frequency

in our AMF approach corresponds to the sine of direction of arrival in [91] where a

linear equi-spaced beamformer is of concern. Thus, with a heuristic approach and

by interchanging the variables between the spatial domain and the temporal domain,

the above approximation given by (5.2) can be easily derived by following the steps

given in [61]. The details of this derivation can be found therein for interested readers.

The equation states that the optimum value depends on the thermal noise level σ2
w,

the signal power P0 and the selected FIR filter size N . We need to estimate the signal

and the noise power to compute ρopt but a rigorous look at (5.2) reveals that this DL

level is nothing but the negative of the largest eigenvalue of the data covariance matrix

for a single complex sinusoid embedded in white noise with power σ2
w, as we studied

previously in Section 4.2. Thus, without any effort for estimating the noise and signal

powers, an eigen-decomposition of the estimated SCM can be performed and take the

negative of the largest eigenvalue as the optimum DL value for SNR maximization in

the signal contamination case.

To validate the above statements, several tests with the indoor φ-OTDR data

were carried out. In order to simulate the strong interference conditions of [91], sample

φ-OTDR data traces with a relatively low SNR (≤ 10 dB) were recorded additionally.

The data set with the perturbation of 1225 Hz located at the 84. range bin was used

for the experiments. For the diagonally loaded AMF test with this data, after tuning

the steering vector to 1225 Hz, the following steps were followed:

(i) Select the training sample set including the vibration range bin and estimate the

SCM ( R̂k) by (3.10)
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(ii) Compute the weight vector by (3.6) and filter output with varying values of ρ at

the target range bin (i.e. z84 = wH
dlx84).

(iii) Observe the peak and corresponding ρopt values on the results.

(iv) Compute the largest eigenvalue λ1 of R̂k for comparison with the ρopt value.

(v) Repeat the above steps for varying FIR sizes.

According to the results obtained up to now, the speckle suppression performance

of the AMF method is not significant unless the FIR filter size is at least 50 when

working with fiber optic cables in the laboratory. Thus, the optimum DL investigation

was carried out with a maximum value of N = 50 to emulate strong speckle-like noise

and weak signal condition. Since the recorded data is quite large with thousands

of frames, the above steps were executed for a large number of different temporal

segments and for different training sizes. Only two sample results set are shown in

Figure 5.18 and 5.19 below where the start of the segments were the 1000. and 2000.

φ-OTDR frames. The vibration range bin was included in the sample data by selecting

the training data set with Ls = {81, ..., 89} and #{Ls} = 9 in both sets.

Figure 5.18. AMF filter output versus ρ values for the 1. test.
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Table 5.3. ρopt and the largest eigenvalue comparison for the 1. test.

N 10 20 30 40 50

ρopt -0.0035 -0.0101 -0.0129 -0.0146 -0.0159

λ1 0.0034 0.0101 0.0130 0.0146 0.0166

Figure 5.19. AMF filter output versus ρ values for the 2. test.

Table 5.4. ρopt and the largest eigenvalue comparison for the 2. test.

N 10 20 30 40 50

ρopt -0.0012 -0.0138 -0.0253 -0.0338 -0.0391

λ1 0.0018 0.0142 0.0257 0.0338 0.0394

It is clear from the figures that, for the signal contaminated SCM case, the ρ

values which maximize the filter output at the vibration range are all on the negative

axis and this verifies the negativeness of the ρopt. The measured ρopt values and the

largest eigenvalues of the relevant SCMs computed for five different FIR filter sizes

are summarized in Tables 5.3 and 5.4. The larger the filter size, the more negative the

optimum DL value, which is again consistent with the analytical approximation given

by (5.2). Additionally, the negative of λ1 is almost the same with the measured ρopt

for N ≤ 40 and very close to it for N ≥ 40.
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5.3.2. MED Test results

The indoor data were subject to testing with the MED approach for various

segmentation choices with a fixed PFA = 0.01. Since the recorded φ-OTDR data used

in this research were all intensity based, the relevant TW thresholds for the real-valued

observations were computed for β = 1. The sample results presented here are given

for a fixed selected MED(M,L) set for direct comparison of data recordings. The

results for the 1. vibration are shown in Figure 5.20. Since the vibration is relatively

strong with an average SNR of 30 dB over the recording time, all MED(M,L) choices

resulted with the successful detection of the vibration as can be seen from the plots

given in Figure 5.20.

Figure 5.20. Sample test results of MED(M,L) for the strong 833 Hz vibration with

M = 10 and L = {15, 20, 25, 30, 40, 50}.
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Similar results were obtained when the MED approach was test with the

2. vibration of 1225 Hz, as shown in Figure 5.21. The fast-time SNR values were

observed better than the 1. vibration. When the TPI durations for both vibrations

were analyzed, the slow-time SNR of the 2. vibration was observed to be 3 dB higher

than the slow-time SNR of the 1. vibration. This would result in 100% probability

of detection even with more stringent FAR values. Hence, the MED processing of a

vibration with relatively a higher SNR yielded a better detection performance which

is an expected situation.

Figure 5.21. Sample test results of MED(M,L) for the strong 1225 Hz vibration with

M = 10 and L = {15, 20, 25, 30, 40, 50}.

The impact of signal strength with real φ-OTDR data on the MED approach

was also analyzed with the weaker 833.3 Hz vibration. None of the six TPI and

segmentation choices yielded sufficiently high SNR for a reliable detection as presented

in Figure 5.22. The MED(10, L) selections failed to detect the vibration except for

L = 40 and L = 50 which hardly detected the vibration as presented in Figure 5.22.
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Figure 5.22. Sample test results of MED(10, L) for the weaker 833 Hz vibration with

L = {15, 20, 25, 30, 40, 50}.

The eigenvalues observed above the threshold at the beginning of the FO cable

are due to the sensitivity of the φ-OTDR system to the environmental acoustic noise.

Since the transmitted laser power through the FO cable is relatively much higher

at close distances, the system response is high and the experimental system was very

sensitive to indoor acoustic activities during tests, unfortunately these high peaks were

unavoidable and such spurious responses were observed in some of the experiments. In

commercial installations of DAS systems, it is known that additional 2-3 km long FO

patches are usually used as a precursor to the real cable under inspection to alleviate

this front end problem which is a learned lesson in this research study. These spurious

peaks at the beginning of the FUT were also powered more when the TPI durations

were increased for better sensitivity to detect the targeted vibrations as shown in

Figure 5.23. When the segment size was increased to 15 samples to increase the TPI

with the number of observations fixed, the results yielded higher peaks along the FUT
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axis.

Figure 5.23. Sample test results of MED(15, L) for the weaker 833 Hz vibration with

L = {15, 20, 25, 30, 40, 50}.

The spurious responses were observed to occupy the frequencies close to the

DC when the power spectra of the relevant range bins were computed in MATLAB.

Hence, after high-pass filtering of the OTDR data with an appropriate cut-off fre-

quency, (500 Hz in this example) the spurious peaks were easily eliminated as can be

seen in Figure 5.24. On the other hand, the eigenvalues of the MED output are now

relatively high, which will result in false alarms. This fact will be especially obvious

for increased TPI durations which are depicted in the last row of the Figure 5.24. Af-

ter high-pass filtering, the φ-OTDR samples are no more white but correlated; hence

the SCM is not a white Wishart random matrix anymore. In this case, a whitening

process can be employed before and then we can proceed with the MED approach.
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Figure 5.24. Sample test results of MED(15, L) for the weaker 833 Hz vibration with

L = {15, 20, 25, 30, 40, 50} after high-pass filtering with a cut-off frequency of 500 Hz.

A commonly used whitening transformation for this objective is called Maha-

lanobis whitening which is analytically expressed as

Z = R
−1/2
N X (5.3)

where RN is noise covariance matrix and X the data matrix given by (4.16) before.

Here, since the true statistics cannot be known, the sample covariance of the noise

denoted by data RN is again estimated by noise-only assumed range bins. Hence, when

we are dealing with the correlated noise case, we will be dealing with separate SCM

estimations: one for the measured data to be whitened, the other for the transform

matrix to whiten the observations. Thus, the matrix which can be defined by R
−1/2
N

can be also called as the “whitening transform” for the correlated measurements and

estimation of R̂N is no different from the SCM given by (3.9).
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The result of the MED technique after the above whitening application is pre-

sented in Figure 5.25 for the 3. data set. For the whitening transform matrix es-

timation, all the range bins along the FUT were used to estimate the noise covari-

ance (i.e.,R̂N = 1
327

∑327
l=1 x lx

H
l ). After computing the negative square root of R̂N ,

the resultant matrix was used to decorrelate the pre-filtered φ-OTDR data by apply-

ing the transform given by (5.2). Finally, the MED approach was then applied for the

SCM computed by R̂Z = (1/M)ZZH . It is clearly seen in Figure 5.25 that the eigen-

values were more reliably computed to be comparable with the relevant TW threshold

and the false alarms were canceled due to the filtering and decorrelation steps.

Figure 5.25. Sample test results of MED(15, L) for the weaker 833 Hz vibration with

L = {15, 20, 25, 30, 40, 50} after high-pass filtering and whitening.
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The indoor data with the multiple vibrations were tested with the MED ap-

proach similarly. The results for the last data set with MED(10, L) are shown in

Figure 5.26. There is a spurious peak at the very beginning of the FUT which is

more evident as the TPI is increased over 0.2 seconds. When the MED approach

was tested with square data structures, the MED technique resulted in more spu-

rious responses as shown in Figure 5.27 and the number of the spurious peaks was

increased significantly for L > 20. When compared with the previous segmentation

strategy, it is clearly seen that the results are more dependent on the segmentation

choice (or the data matrix structure) rather than the total TPI duration. The com-

parison of the MED(10, 75) with MED(25, 25) and the comparison of MED(10, 100)

with MED(30, 30), etc., exhibit this impact very clearly. Although the TPI was 625

samples long for the MED(25,25) which is less than the TPI of MED(10,75), more

spurious responses were observed with the MED(25,25). The situation is exactly the

same for MED(10,100) since the TPI is longer than the one with MED(30,30) but only

one spurious point was observed.

Figure 5.26. MED(10, L) test results for the multiple vibrations with

L = {10, 20, 50, 75, 100, 150}.
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Figure 5.27. MED test results for the multiple vibration data with various square

data matrix choices.

The previously tested pre-filtering and whitening steps were followed in the same

manner to eliminate the spurious peaks and the results are shown in Figure 5.28.

The high-pass filter used was a Chebyshev type of order 7 and with a cut-off frequency

of 400 Hz and the whitening transformation was computed again with all the range

bins considered for the noise-only snapshots. All of the eigenvalues due to the low-

pass structure of the environmental noise were canceled as can be clearly seen in the

Figure 5.28, except the spurious peak observed at the very beginning of the FUT for

some MED choices. Such unconcealed peaks are probably due to the fact that their

frequencies still fall into the pass-band region of the selected filter.
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Figure 5.28. MED test results for the multiple vibration data with various square

data matrix choices.

In order to observe the impact of TPI duration and segmentation choices and to

draw a general picture, several batch processings were carried out with different slow-

time SNR values. Since there are numerous segmentation possibilities, receiver op-

erating characteristics (ROC) curves were computed for various segmentation choices

and sample κ values to provide concise information about the proposed technique.

Since it was observed during the experiments that the MED(M,L) outputs always

yielded true positive for M ≥ 30, the ROC curves were computed with segment sizes

up to M = 40 starting from M = 2. The 1. and the 3. datasets were used for these

experiments with the slow-time SNR values of 30 dB and 15 dB, respectively.
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Figure 5.29 shows these ROC curves computed for the vibration range bins of

the two data sets by sliding the TPI window incrementally for the whole data record

duration. For each MED(M,L) processing, these temporal increments were appropri-

ately selected to achieve at least 100 binary detection results for the evaluation of the

probability of detection (PD).

Figure 5.29. PD versus PFA for two different vibration strengths.
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It can be deduced from the results that segment sizes as small as 5 are not suffi-

cient for a reliable detection even the number of observations are increased.

For the strong vibration, as can be seen at the right column plots of Figure 5.29,

it seems to be a good choice to start with segment sizes at least 20 samples long not

to miss the vibration. The PD increases with processing durations for both SNR cases

and the required TPI is shorter for the stronger vibration cases which are expected re-

sults. It is also clear from the upper row, especially from the left-most plot that square

data matrix selections are not good choices since 100% PD values are achievable only

at high TPI durations and high PFA rates.

5.3.3. Empiricial Eigenvalue Distributions of the Indoor Data

The MP Law was experimentally verified by Monte Carlo simulated φ-OTDR

data in the previous chapter. To fulfill our experimental verification, one sample

result of the MED(20,100) processing of the 833 Hz vibration data is included for the

evaluation of the analytical bounds with the indoor data. The bulk eigenvalue statistics

were computed with the MED(20,100) choice in a block-by-block basis for the 833.3 Hz

vibration for 3 different vibration strengths. The TPIs were selected with overlapping

time intervals of varying lengths. The bulk eigenvalue distributions computed at the

vibration range bins for the 833.3 Hz vibration are shown in Figure 5.30. It is once

more clear with the real φ-OTDR data that outliers exist in the spectrum for the H1

case. These outliers are located further from the analytical confines if the vibration is

strong enough (see the upper row of Figure 5.30 for the strongest vibration) and very

close to the maximum eigenvalue bound if the vibration is so weak in strength (see

the lowest row of Figure 5.30 for the weakest vibration).

Additional experiments were carried out for evaluating the TW Law with the

empirical distributions of λ1 of the noise-only SCMs. As the FOTAS system was able

to record not only intensity but also complex (baseband I-Q samples) data, the TWβ

distributions were tested for both β = 1 and β = 2 cases. The PDF for λ1 computed

with real intensity data was expected to be well described by TW1 while the largest

eigenvalue fluctuations of the complex SCM were expected to fit the TW2 distribution.
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Figure 5.30. The bulk eigenvalue statistics at the vibration range bin for the 833 Hz

vibration and their comparison with the relevant MP bounds.

Several noise-only SCMs were estimated by sequentially processing the non-

overlapping time segments of the whole data. The largest eigenvalue distributions

computed with the above approach are shown in Figure 5.31 and Figure 5.32 for the

1. and 3. data sets, respectively. Noise-only SCMs were computed by taking the range

bins from the set Ls = {30, 31, ....80} ∪ {90, 91, ...., 327} leaving some guard bins on

two sides of the vibration range. Since the raw data were all intensity related, the

empirical distributions of λ1 were expected to fit the TW1 PDF.
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Figure 5.31. The empirical largest eigenvalue distribution of the noise-only SCMs

computed for the 1. data set for β = 1 and various (M,L) choices.

Figure 5.32. The empirical largest eigenvalue distribution of the noise-only SCMs

computed for the 3. data set for β = 1 and various (M,L) choices.
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It is clearly seen from Figure 5.31 and Figure 5.32 that the empirical distributions

are in good agreement with the analytical results for both data sets.

The same steps were followed for an I-Q record as shown in Figure 5.33.

The SCM’s were computed from a different indoor data set where I-Q baseband sam-

ples were available in the recordings for the further vibration located at the 307.

range bin. The noise-only SCM’s were computed with the set Ls = {51, 52, ..., 300} ∪

{310, 311, ..., 409} by leaving again some guard bins around the vibration bin.

The first 50 range bins were also omitted for the SCM estimation to prevent it from the

weak spurious signals. It can be seen from the plots of Figure 5.33 that the empirical

distributions of the largest eigenvalues are in good agreement with the TW2 PDF. in

the complex data case.

Figure 5.33. The empirical largest eigenvalue distribution of the noise-only SCMs

computed with I-Q recorded data for β = 2 and various (M,L) choices.
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5.3.4. Conclusions

In the previous two chapters, the proposed approaches of this research were tested

with Monte Carlo simulated φ-OTDR data. The simulation studies did not take into

account the noise from active devices such as the laser-induced noise and the noise of

the receivers. In addition, the polarization effects were omitted from the theoretical

model for simplicity. Under these conditions, the AMF and MED test results were

observed to be promising methods.

In this chapter, both the AMF and the MED approaches were applied to real

φ-OTDR data gathered in the laboratory environment to verify the results of the pre-

vious sections. The results of the AMF method were observed to be in good agreement

with the simulation study outlined in Chapter 3. For the data gathered indoors with

the acoustic isolation, it can be easily deduced from the results that the vibration is

not solely observable unless the N , the FIR vector size (or in other words, the number

of consecutive φ-OTDR traces processed at the same time), is over 50. When N is

increased to values higher than 100, the amount of speckle reduction is significant,

which means that the RBS term of the background noise is highly suppressed. When

the acoustic isolation is removed and the vibration intensity is reduced to lower levels,

more than a 10-dB speckle reduction can only be achieved with a much higher value

of N . This is expected since both simulation data and the measurement data with

isolation present the ideal situation. Without the isolation, the whole FUT is sub-

ject to more interference, and the vibration signal is highly obscured by the increased

amplitude fluctuations of the φ-OTDR traces.

The results obtained by the MED method were also in good agreement with the

results of Chapter 4. One important issue was the observation of the increase in the

interference terms when the data matrices were in the square form. For κ = 1, the out

of band vibrations due to the environment were more significant when compared to

the segmentation choices of κ < 1. These results need more and deepened theoretical

work on the detection tools borrowed from the RMT, to figure out why square matrix

selections reveal weak signals better than the rectangular form of the data matrix.



118

On the other hand, the observation of other interference terms with the MED

technique exhibits the main feature of this approach for detecting the vibrations with-

out any prior knowledge about the environment. The AMF has the selectivity feature

while the MED blindly detects every vibration knowing that both methods detection

capability is dependent on the observation dimension: the more samples taken into

account, the higher the SNR obtained.

One important result obtained with the AMF method was the severe impact

of the DL level in the case of signal contaminated secondary data. If there is signal

contamination in the noise-only assumed data, it will seriously affect the performance

of the AMF method. It turns out that, the signal detection problem is encountered

again from a different perspective. We can handle the signal detection problem once

more for the selection of the “noise-only” range bins and to assure the absence of

vibration content in the secondary data. In this regard, the MED technique may

be used as a complementary solution to detect the presence of vibrations before the

AMF method. In other words, a unified framework can be developed to deal with the

covariance structure of the φ-OTDR data.

When the results of both methods were compared together for varying TPI du-

rations, they were also observed to be consistent in dealing with the weak signal

conditions as the TPI durations must be over 500 samples long for reliable detection.

According to the results obtained up to now, a rule of thumb may be taken as at least

1000 samples long TPI selections can be a good selection to start with for real-time

applications of the proposed methods for DAS systems. Weak signals embedded in

a highly cluttered environment may need a further increase of the processing time in

real-world conditions which is the topic of the next chapter.
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6. FIELD TEST EVALUATIONS

6.1. Introduction

To validate the proposed approach in real-world conditions, field tests were car-

ried out in the TÜBİTAK campus site with real fiber optic cables. Two different sensor

installations were investigated. The first installation was dedicated to investigating

the performance of proposed algorithms with buried fiber optic cables. At the second

site, the fiber optic cables were installed on a fence which is more sensitive to the

environment. The outdoor test sites and setup configurations are described below.

6.2. Outdoor Test Sites

6.2.1. Field Test Site-1: Buried Fiber Optic Cables

The acoustic enclosure and the fiber on reels were removed from the experimental

setup and the φ-OTDR system was connected to the buried fiber through a patch panel

in the office area. The general setup with the FUT for this test configuration is sketched

up in Figure 6.1 and the route of the selected intranet line between two facilities is

roughly depicted in Figure 6.2. The FO bundle consists of 12 different thick coated

SMF cables that were installed with a protective sheath made of steel. One spare fiber

cable was selected as the FUT to observe the sensitivity of this telecommunication line

for a potential DAS application.

The exact length of the FUT was estimated as 987 m via our φ-OTDR system

screen as shown in Figure 6.3. Before the field tests, several manholes were inspected to

verify the route and to assign the correct range bin locations on the observed φ-OTDR

traces. The starting and ending range of the effective buried length was estimated as

540 and 855 meters, respectively, by perturbing the manhole covers with footsteps.
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Figure 6.1. Generic schematic of the outdoor test points for the 1. test site.

Figure 6.2. The route of the buried FO intranet line at 1. test site.
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Figure 6.3. Typical raw φ-OTDR trace recorded by FOTAS at the 1. test site.

6.2.2. Field Test Site-2: Fiber Optic Cables on Fences

The second test field configuration has been set up in TÜBİTAK Gebze cam-

pus to study the environmental impact in fence installations. This new installation

has been completed in the southern border of the campus where the high-speed train

(YHT) route is approximately going in parallel with the security fences. Approxi-

mately a 2.4 km long FO cable – 2.4 km of a fiber reel which is totally 4.2 km long-

was installed partially on the south border fence to study new environmental condi-

tions. The fence installation has been commenced at the end of a buried 2.5 km long

intranet line. The routing is completed up to point where the fence route diverges

from the railway route and the retained section of the fiber reel which is 1.8 km long

was left at the end. This new FUT is totally 6.7 km long which is sketched in Figure

6.4. This installation was done in purpose to study fiber optic cables without burying

them and to investigate the severe impact of environmental effects. Another opportu-

nity was the existence of a railway for exploring the capability of the proposed signal

processing algorithms to detect and track the train during its pass. The fiber route in

the close vicinity of the railway is depicted in Figure 6.5.



122

Figure 6.4. Generic schematic of the outdoor test points for the 2. test site.

Figure 6.5. The route of the FO cables for the 2. test site.
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This new configuration which possesses both underground and on ground con-

ditions makes it available to observe two different kinds of RBS fluctuations. The

attachment of the FO cable to the fence near the railway is shown in Figure 6.6.

The distance between the new FUT route and the railway is at most 25 m.

Figure 6.6. Aerial fiber installation near the railway.

Figure 6.7. Typical raw φ-OTDR trace recorded by FOTAS at the 2. test site.
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6.3. Applications at Test Site-1

More than 300 tests were conducted between the dates April 19, 2017, and March

14, 2018, with this buried FUT and real φ-OTDR data was recorded during two weeks

at different locations and with varying distances from the FUT. Since the effective test

length of the FUT was only about 315 m, by adjusting the OID and SDR parameters

the spatial resolution was increased to 25 m by reducing the laser pulse width to 244 ns.

Oversampling was performed for better visualization of the results on the range gates

of interest. Due to the onboard storage limitations of the DSP hardware, the recorded

range was fixed to 2 km with K = 456 samples per every OTDR trace independently

from the adjusted PRF. The spatial sampling between the range bins is 2000 m /456 =

4.39 m is the result of the oversampling and it is higher than the actual SR of the

system. Oversampling was preferred to synthetically increase the number of range

bins and to evaluate more acoustic channels due to the short FUT at the 1. test site.

The modified system parameters used during field tests are summarized in Table 6.1.

Table 6.1. Modified DAS system parameters for field tests.

System Component Symbol Value

Interrogation Frequency PRF 10 kHz

Pulse Width τ 244 ns

Spatial Resolution ∆z 25 m

Length of the FUT LFUT 987 m

Number of Bins per Trace K 456

Vibration Center Locationfor TP1 l1 541 m

Range Bins for TP1 pi i = {118, 119, ..., 127, 128}

Vibration Centers for TP2, TP3 and TP4 l2 655 m

Range Bins for TP2, TP3 and TP4 pj j = {138, 139, ..., 155, 156}
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Table 6.2. Test signals used at test site-1.

Data

Index

Frames

Recorded

Duration

[s]

Signal

Type

# Hits /

Rounds

Distance

from FUT[m]

DataSet-6 309,930 30.99 Hammer Hit 11 2 m

DataSet-7 251,005 25.10 Walking 3 0.5 m

DataSet-8 245,005 9.80 Hammer Hit 5 20 m

DataSet-9 222,030 8.88 Hammer Hit 5 25 m

The data sets recorded for testing are summarized in Table 6.7. The first two

field data sets were recorded with strong perturbations to observe the spectrum of the

vibrations in the close vicinity of the buried cable. The data shown in the left column

of Figure 6.8 refers to intensities of the signal recorded at the first test point (TP1),

while the gravel path 2 m away from the manhole was hit with a big hammer (2 kg).

Figure 6.8. Two sample φ-OTDR intensity data recorded near TP1 and TP2.
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As can be seen from the intensity profile in the graph, the total 11 sequential

hits are considerably strong and easily “heard” by the FUT in the 123. range bin.

The time-frequency analysis shows that most of the signal energy is concentrated in

the 20 Hz – 100 Hz region giving a dominant peak around 50 Hz. The second field

data set was recorded while a 90 kg weighted man circled the 2. manhole 3 times with

uniform footsteps as illustrated in the right side of Figure 6.8. Similarly, the presence

of a signal component is obvious both in the time domain and the frequency domain

plots. Two dominant peaks were observed around 30 Hz and 45 Hz as can be seen

from the spectrogram processing of the footsteps.

Figure 6.9. Recorded intensities at different range bins for TP1 and TP2.

The analysis of the raw φ-OTDR data for each range bin revealed that the in-

duced acoustic energy on the FUT was spread on several range bins. The strongest

signals recorded for the 1. and 2. manholes were observed on range bins 123 and

147, respectively. The distance between the two range bins is (147-123) ×4.39 m=

105.3 m which is consistent with the measured distance of 104 m as depicted in

Figure 6.1. The range bins with the weakest contributions were noted along the

FUT for every test during the experiments. All of the hammer hits are weakly heard

by the 118. and 128. range bins. Thus, the vibrations were spread over a range of

10 × 4.39 m= 43.9 m . For the walking experiment at TP2, the footstep signals are

visible along a range of 684 m - 627 m=57 m. as can be seen from Figure 6.9 with the

corresponding range bins of 156 and 143.
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6.3.1. AMF Test Results

The field data were subject to the AMF approach with similar steps followed

before. The vibration signals recorded during field tests were no longer pure continuous

sinusoidal signals. In order to analyze the noise only” and signal presence cases with

the AMF approach, the start of and the end of the duration of each signal shot was

noted, and the AMF method was tested with the observed peak frequencies.

For the sixth dataset, the first 400 ms of the record and the 400 ms duration of the

sixth hammer hit were selected as inputs to the FIR filter in order to analyze the tested

noise only (H0) and signal presence (H1) conditions. Since the dominant vibration was

observed at 50 Hz for this dataset, the AMF method was tested with the FIR tuned

to 50 Hz. The secondary data was set to Ls = {1, 2, ..., 109, 110} ∪ {140, ..., 325} and

the diagonal loading was set as ρ = 10. As can be seen from the results shown in

Figure 6.10, the speckle profile was still dominant, although the FIR size was set to

N = 500. It has been observed after several trials that significant noise suppression

was obtained when N reaches 1000. The vibrations observed at the beginning of the

FUT and in the region of 200 ≤ k ≤ 230 are due to the vibrations in the buildings

which are unavoidable as the fiber is sensitive to all acoustic noise along its route.

If there is vibration with the same frequency of the steering vector of the AMF, then

it naturally exhibits itself in the path which is the case in the observed spectrum of

vibrations in Figure 6.10.

Almost similar results were observed with the seventh dataset when the FIR was

tuned 30 Hz, as shown in the right column of Figure 6.10. All of the range bins along

the FUT were tested with the same FIR size and the test frequencies. The maxima of

the FIR output were observed at the correct range bins as shown by the blue lines: the

peak for the hammer hit signal (sixth data set) was observed around the 123. range

bin, and the peak for the footsteps (seventh dataset) was obtained around the 147.

range bin as expected. The FIR outputs responded with no peaks for the “noise only”

cases, which are shown by red lines in the lower row of Figure 6.10.
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Figure 6.10. AMF outputs for TP1 and TP2 with N = 500 and N = 1000.

The impact of the DL level was analyzed for the field data set by with varying DL

levels and observing the AMF outputs. The impacts of 3 different DL values are shown

in Figure 6.11 with N = 1000 for the two field test data with the same TPI selections.

The fast-time SNR values for the two target signals were computed for 100 ≤ k ≤ 200

to assure that the range bins associated with the building locations are discarded.

The vibration range bins during fast-time SNR computations were taken between the

118. and 128. for the hammer hit signal, and between the 143. and 56. for the

footsteps. In Figure 6.11, the AMF processing results are given in the left column for

the hammer hit, and in the right column for the footsteps, respectively. It is clearly

seen that the decrease in the DL level improved the visibility of the hammer hit at

the TP1 location significantly, but the same improvement was not observed for the

footsteps at the TP2 location. The frequency selectivity of the AMF method and

the impact of the DL selection in suppression the background noise were once more

observed.
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Figure 6.11. AMF(1000) outputs for TP1 and TP2 signals with for varying DL levels.

The last step with the AMF method was dedicated to the testing of the weak

signal conditions. In order to meet the severe noise case, the test distances from

the FUT were increased step by step where the acoustic vibrations on the relevant

range bins became hardly seen by the operator on the system monitor. The system

parameters were set to display the differences of averaged measured φ-OTDR traces

with an averaging number ranging from 10 to 100, which was adjustable in real time by

the operator. After the desired conditions were met, the tests were repeated to record

the raw data without any averaging or any other preprocessing. The recorded raw

data shown in Figure 6.12 below were gathered seven days after the above-presented

recordings in almost similar environmental conditions. The first data shown in the left

side of the figure are the recording of five sequential hammer hits at a lateral distance
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of 20 m from the second manhole (eighth dataset), while the second data shown on

the right side of the figure are the recording of another five sequential hammer hits

gathered at a lateral distance of 25 m from the same manhole (ninth dataset).

Figure 6.12. Raw and enhanced 147. channel data for TP3 and TP4.

The upper row presents the original record, while the lower row shows the pro-

cessed versions of the same data with an average size of 100. As can be seen in the

upper right plot, the hammer hits recorded at 25 m were highly obscured by noise that

can be considered as a very weak signal condition since these signals became visible

only when sufficient averaging was applied. Before applying the AMF to the whole

raw data record, it was considered first to identify the time instants and the durations

of the hit signals. After the start and the durations were identified for every hammer

hit on the enhanced signal, these time indices and duration values were used to test

the output of the AMF for all H1 conditions. In order to compare the AMF with the

conventional averaging techniques, the fast-time SNR was used as a figure of merit

as mentioned before. The signal range bin set was collected with k ∈ {138, ..., 156},

while all other range bins along the “effective” FUT axis were taken for computation

of the noise energy. Thus, the noise range bin set is the union of neighboring bins

{110..., 137} and {157, ..., 180}.
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The noise only condition and the five different signal presence conditions were

tested with three different FIR sizes when the steering vector was tuned to 50 Hz.

The results obtained for the eighth dataset are given in Figure 6.13 and the comparison

of SNR values with the SAM is listed in Table 6.3. The original raw data were processed

with three different FIR sizes of 500, 1000 and 2000. The SAM method was applied

with various pairs of (M,L) values, (i.e., SAM(M,L)) here M denotes the averaging

block size and L is the lag value used in sequentially differentiating the φ-OTDR traces.

After several trials with the eighth dataset, the relatively high SNR results obtained

via SAM(100,50) and SAM(200,15) were selected for comparison, which are given in

Table 6.3. For the proposed AMF method, the results show that significant SNR im-

provement is achieved with all selected FIR sizes, but a clear superiority to SAM(M,L)

is achieved when N is increased over 1000.

The AMF outputs and the SNR values computed for the last data are shown in

Figure 6.14 and listed in Table 6.4, respectively. For the SAM(M,L) method, after

several trials with various average size and lag values, it was observed that the best

SNR performance was achieved with SAM(200,15). The noise contamination for these

data is more severe compared to the previous dataset, and significant noise reduction

performance is achieved when N is selected over 2000 for the AMF method. More than

10 dB of SNR values can be easily obtained by increasing the FIR size over 3000 with

penalties in processing times.

Besides the computed fast-time SNR values, the performance of the proposed

AMF approach in comparison with the SAM(M,L) method for the weak vibrating

signal condition can be better observed by having a closer look at their outputs on the

fast-time. For example, for the detection of all five hammer hits in the 8. dataset, the

acoustic vibration profiles obtained from both SAM(100,50) and AMF(5000) process-

ings are presented in Figure 6.15 and Figure 6.16, respectively. It can be easily seen

from Figure 6.15 that the differentiated intensity profile obtained from SAM(100,50)

does not provide clear visibility for the hitting activities.
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Figure 6.13. Acoustic vibration profiles along the FUT axis after AMF processing

with three different N values for the 8. dataset.

Table 6.3. SNR results with fp = 50 Hz at TP3.

Method Hit-1 Hit-2 Hit-3 Hit-4 Hit-5

SAM(100,50) 9.52 10.39 11.69 8.82 17.71

SAM(200,15) 12.79 7.22 8.71 10.19 12.40

AMF(500) 11.52 13.17 12.26 10.77 12.27

AMF(1000) 12.12 15.53 14.65 13.59 15.21

AMF(2000) 17.75 23.22 20.77 18.47 18.99
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Figure 6.14. Acoustic vibration profiles along the FUT axis after AMF processing

with three different N values for the 9. dataset.

Table 6.4. SNR results with fp = 50 Hz at TP4.

Method Hit-1 Hit-2 Hit-3 Hit-4 Hit-5

SAM(100,50) 8.13 2.79 4.47 4.55 0.35

SAM(200,15) 9.72 4.47 10.70 10.50 7.35

AMF(500) 8.17 0.40 1.17 5.61 5.91

AMF(1000) 11.81 5.10 5.98 8.37 6.18

AMF(2000) 11.81 6.36 11.55 12.42 10.69

AMF(5000) 14.77 14.35 13.94 15.45 15.93
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Figure 6.15. SAM(100,50) processing results for the five hammer hit durations of the

9. dataset.

Figure 6.16. AMF(5000) processing results for the five hammer hit durations of the

9. dataset when the FIR is tuned to 50 Hz.

Figure 6.16 is the processed version of the same dataset with the AMF ap-

proach with an FIR size of 5000 and fp = 50 Hz. As the noise background is highly

suppressed, the acoustic vibrations distributed along the FUT axis are better visu-

alized, and all of the five hammer hits designated by different colors in Figure 6.16

are clearly detectable. The training region size selected during processing was 20

(i.e., Ls = {231, 232, ..., 249, 250}).
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6.3.2. MED Test Results

To avoid redundancy, the tests with the MED approach were mostly focused on

the detection of weak vibrations and comparison with the AMF technique.

For this purpose, the 8. data set was selected and subject to the MED approach

with varying segmentation choices. The largest eigenvalue plots were computed for all

the time segments covering the instants of all of the five hammer hits. The 1. hammer

hit signal was analyzed with six different segmentation choices which are presented in

Figure 6.17. The fast-time SNR values were computed for the range bins between 120

and 180 where the acoustic vibrations induced on the range bins between 138 and 156.

Figure 6.17. The MED test results at a time segment including the 1. hammer hit at

20 m distance from the FUT.
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As we did with the AMF method in this chapter, we are interested in the range

bins roughly between 100 and 200 since the other range bins are due to the vibrations

in the buildings, sensitive manhole locations along the FUT route, etc. It is clear that

the hammer hit activity which is 20 m away from the FUT route is clearly detectable

for all TPI and segmentation choices. A huge amount of processing were executed for

various (M,L) pairs. Instead of plotting the other MED outputs and associated range

profiles for the other hammer hit signals, the fast-time SNR values were computed

and summarized for various some selected MED(M,L) choices in Table 6.5. It is very

clear that the locations of the peaks observed with the MED method are in agreement

with AMF outputs for all range bins. Hence, two AMF test results were included in

the last rows of Table 6.5 for comparison. Additionally, the average processing time

required for a single TPI was computed for both the AMF and the MED methods.

The average processing times were computed in a laptop computer running MATLAB

R2017a with Intel R© Core i7 CPU and 16 GB RAM.

Table 6.5. SNR [dB] comparison for MED and AMF methods with varying TPIs.

Method CPU Load [s] Hit-1 Hit-2 Hit-3 Hit-4 Hit-5

MED(20,20) 0.42 8.37 8.39 9.03 7.19 10.18

MED(30,30) 0.44 12.97 13.45 13.29 10.42 10.19

MED(40,50) 0.45 15.57 16.83 16.82 14.25 16.24

MED(50,60) 0.48 17.41 17.89 17.94 15.32 17.53

MED(60,60) 0.54 18.11 19.15 18.99 16.06 17.96

MED(60,70) 0.57 18.21 19.17 19.09 16.22 18.32

MED(60,80) 0.57 18.31 19.32 19.46 16.24 18.63

MED(80,100) 0.62 18.71 17.81 19.81 16.70 18.96

AMF(1000) 1.7 12.12 15.53 14.65 13.59 15.21

AMF(2000 ) 5.70 17.75 23.22 20.77 18.47 18.99
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From the results presented in Table 6.5, it can be deduced that the MED out-

performs the AMF when the computational costs are of concern. SNR values above

20 dB with the AMF can only be achieved for N > 2000 at the expense of increased

computation time. On the other hand, high SNR rates close to 20 dB can be achieved

with the MED technique with almost 10 times less computational power. As an ex-

ample, although the TPI duration of MED(80,100) is 4 times longer than the one

in AMF(2000), the required time to process all the FUT profile is about 0.6 seconds

while it takes more than 5 seconds to process the whole range profile with the AMF

for N = 2000. These results only give a general idea about the performance of the

two methods because the total processing time required in DAS applications depends

on several other parameters or processing tasks which are out of the scope of this

research.

As examples for the acoustic vibration profiles, the MED processing results for

detecting the 2. hammer hit by four different MED(M,L) choices are presented in

Figure 6.18 below. The increase in the visibility of the acoustic vibrations is clearer

within this zoomed region of the FUT. The increase in the fast-time SNRs correlated

with the increased TPIs are already summarized in the first four rows of the 4. column

of Table 6.5..

Figure 6.18. The acoustic vibration profiles detected by the MED processing at TP3

for the time segment including the 2. hammer hit.
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6.4. Applications at Test Site-2

The AMF and MED methods were tested with buried fibers underground in

the previous section. In this section, we consider an aerial configuration where the

FUT is installed on a fence. Since the fence location is parallel to both a vehicle

road and a railway along most of its route, it provides the opportunities to detect

physical activities such as vehicle and train motion. The FOTAS system which is

located in the laboratory was connected to the new FUT and several experiments were

executed. Test data were mostly recorded for 2 main test scenarios: hammer hits on the

ground surface close to the fence and during a vehicle passing such as a train or a car.

The results of one dataset recorded during hammer hit activity and two datasets

recorded during the vehicle passing (train and a car) are reported here. The system

parameters used for these 3 datasets are summarized in Table 6.6.

The FOTAS GUI was set up for proper data collection before the tests: the

maximum range for data recording was fixed to 10 km, but the PRF and the fast-

time sampling rates were varied during the experiments. The total number of samples

along the 10 km range was 570 for the first two data sets used for detecting the

vehicle motion. Thus the synthetically enhanced resolution due to oversampling was

10 km/570= 17.54 m. For these two data sets, the data collections were started as the

train or the car passed the southern border. The end of the FUT was observed to be

at the 377. range bin and the fence configuration starts at the 147. range bin (i.e., at

2510 m) as can be seen from the averaged φ-OTDR frames with an average size of 100.

It is also obvious that the background noise of the aerial section is significantly different

from the buried section.

Table 6.6. Summary of the test signals used at test site-2.

Data Frames Duration[s] Signal Dist. from FUT [m]

Dataset-10 213394 42.7 Train Pass 15 - 25

Dataset-11 250531 125.3 Train& Car Pass 10 - 25

Dataset-12 106710 21.34 Hammer Hits 2
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Figure 6.19. The normalized FOTAS range profile of the second test site with 100

OTDR frames averaged. The aerial background is significantly different from the

buried section.

It was observed during the measurements that the amplitude fluctuations in

the middle section of the FUT were higher than the fluctuations associated with the

buried section of the FUT. This observation inherently verified that the clutter or the

environmental interference impact was much more severe than the noise considered in

the buried case.

In the second data set, in addition to the train pass, a car has also started a

short cruise with a speed of 40 km/h in reverse direction of the train on the road.

The objective of this experiment was to verify if two different physical activities at the

same time could be detected and tracked with the AMF and the MED techniques. In

the last data set, digging activities which were executed at two different locations along

the FUT were recorded. During the experiments, two different groups were started to

dig at the same time at the locations which are approximately 300 m apart. The first

hammer hit activity was started at the beginning of the aerial configuration – which

is at 2600 m - while the second test group worked at around 2900 m location near the

road and 2 meters close to the fence. The FOTAS system parameters are summarized

in Table 6.7.
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Table 6.7. Test signals and associated FOTAS system parameters used.

Sys. Component Symbol Dataset-10 Dataset-11 Dataset-12

Pulse Frequency PRF 5 2 5

Pulsewidth [ns] τ 492 246

Spatial Resolution ∆z 50 25

Enhanced SR N/A 17,54 8,77

Tot. Range Bins K 570 1140

Vib. Locations li 2600 m – 4000 m 2650-3000

Vib. Range Bins pi i ∈ {148, ..., 230} i ∈ {300, ..., 342}.

Length of FUT LFUT 10000 m

The range profiles obtained at the output of the AMF and the MED techniques

are presented together in this section. Figure 6.20 shows two sample results of the

AMF and MED processing for the train pass of the 10. data set. At the beginning

of the 10. seconds, 100 samples of raw φ-OTDR was subject to AMF with a fixed

diagonal loading of 10 dB with a steering vector tuned to 150 Hz. At the AMF output

the background is suppressed significantly and the train is located at 2.65 km as can

be seen from the upper plot of Figure 6.20, presented by the blue lines. 30 seconds

later the AMF processing locates the train approximately at 3.65 km with a clear

peak observance as seen in the same plot with the red lines. Since the difference is

approximated by 1 km in 30 seconds time interval, the speed of the train is estimated

as 120 km/h roughly.

One sample MED processing of the same record with M = 20 and L = 30 is

shown in the lower plot of Figure 6.20 in a similar manner. The MED(20,30) test

result at the 10. seconds which is presented by the blue line is consistent with the

AMF processing for the same time interval since the peak is observed at the same

range bin location. The same consistency is observed for the MED(20,30) processing

at the 40. seconds where the acoustic vibrations are spread among several range bins

around 3.6 km location. The varying distance of the railway to the fence is a possible

source for this change in the acoustic vibration energy detected at different locations.
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Figure 6.20. AMF and MED processing results for the train pass at 10. and 40.

seconds of the record.

The AMF(100) with fp = 150 Hz and ρ = 10 dB settings, and MED(20,30)

processing were sequentially repeated from the beginning to the end of the record

with non-overlapping time segments. The results are presented in waterfall format in

Figure 6.21. The first two rows present the AMF and MED results without any

preprocessing of the data. It is clear that the two-dimensional processed MED results

are quite noisy when compared with the AMF(100) output shown in the upper row.

The plot in the lowest row is the output of the MED(20,30) processing when the raw-

data is high-pass filtered with a cut-off frequency of 20 Hz before applying the MED

approach. If the tracking of train motion is of concern then it can be deduced that

appropriate pre-filtering enhances the MED output.
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Figure 6.21. Waterfall presentation of AMF and MED processing of the whole data

record for the train pass of the 10. data set.
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The 11. data set was tested in a similar manner where both car and train motions

were to be detected at the same time. During AMF(100) test results with the steering

vector tuned to 150 Hz and DL level set to 10 dB are shown in the upper plot of the

Figure 6.22. The results of the AMF processing did not yield clearly visible peaks as

observed in the previous data set. Another interesting phenomenon was observed with

the MED(20,30) test where the aerial section of the FUT exhibited high amplitude

fluctuations as can be seen in the lower plot of Figure 6.22, which obscures the vehicle

related vibrations in the range profile. To observe the impact of the background noise

better, the waterfall processing was employed and observed as shown in Figure 6.23.

Figure 6.22. AMF and MED processing results for the vehicle passes at 50. and 120.

seconds of the record.
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Figure 6.23. Waterfall presentation of AMF and MED processing of the whole data

record for the vehicle passes of the 11. data set.
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It is obvious that the waterfall format is better for visualizing the results and

the acoustic signatures in a dynamically changing environment. Additionally and

explicitly, the AMF method seems to better cope with the background noise due

its inherent band-pass structure as can be seen from the upper plot of Figure 6.23.

Apart from the signature of the high-speed train which is very clearly observed, the

signature of the car moving in the reverse direction was also detected between 20. and

40. seconds in the temporal axis, and between the 3.5 and 4.0 km locations in the

range axis.

The highly fluctuating acoustic vibrations of the aerial section are still very

dominant after the MED(20,30) processing of the raw data, as shown in the middle

plot of Figure 6.23. Without any filtering, the vehicle motions are embedded in the

strong interference but they were exhibited very differently by the waterfall display

from the previous results obtained with the 10. data set. The main suspect for the

strong vibrations observed in this dataset was the windy weather as it probably induced

additional vibrations on the fence which are easily detected by the MED technique.

The last plot of the Figure 6.23 is dedicated to the filtered version MED(20,30)

processing. The raw data was subject to the same high-pass filter with a cut-off

frequency of 20 Hz. When compared with the filtered version of the previous data set

the train signature is more distorted with background noise, but the pre-filtered MED

technique again performs better than its unfiltered version. From the slope of the

line associated with the train pass, the speed of the train was estimated as 130 km/h.

From the slope of the car signature, the speed of the car was roughly estimated as 37

km/h which is close to the actual cruise speed of the car during the experiment.

The last experiment was conducted with two test staff located 300 m apart from

each other. One team was located at the beginning of the aerial fence configuration

which approximately corresponds to the 2.65 km (TP5) in range, and the other staff

was located at around 2.95 km (TP6). Both staff was requested to start digging at

the same time but randomly, stop for a while a few seconds later, and then start the

digging the soil for a few seconds more. This experiment can also be considered as the
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counterpart of the multiple vibration case studied in the previous chapters. The AMF

was applied for the 100 samples of φ-OTDR data at the beginning of the record and

at 4.8 seconds (with N = 100, fp = 150 Hz and ρ = 10), respectively. The results are

shown in the upper plot of Figure 6.24. The peaks expected at around 2.65 and 2.95

km locations for the H1 case are visible as can be seen in the plot depicted by the solid

red line. The H0 (null case) was also verified as no vibration peaks were observed as

shown by the solid blue line.

Figure 6.24. AMF and MED processing results for the vehicle passes at 0.2 and 4.8

seconds of the record.
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The MED(20,30) test results are shown in the middle and lower plots of

Figure 6.24 for the non-filtered and filtered cases, respectively. It is explicitly clear that

the MED processing of the non-filtered φ-OTDR traces yields spurious responses over

the entire aerial section of the FUT. The high sensitivity problem due this section was

compensated again by high-pass filtering the data first and then applies the whitening

transform to the filtered data before proceeding with the MED technique. The result-

ing range profile of this pre-filtering and whitening preceded MED(20,30) is shown in

the last plot of Figure 6.24. The result of pre-filtered MED(20,30) is consistent with

the result of AMF(100) tuned to fp = 150 Hz.

The above mentioned AMF(100) and MED(20,30) were sequentially applied

to the whole record for 2-D processing and visualization of the results as shown in

Figure 6.25. The AMF(100) results are in good agreement with the start, break and

re-start points of the conducted digging experiment at the two test points. On the

other hand, it is quite difficult to distinguish these activities from the interfering vi-

brations points observed at the other range bins after the MED(20,30) processing, as

depicted in the middle plot of the Figure 6.25. Although the start of the activity is

clear, the break and re-start points were obscured and not clear. Bu after pre-filtering

and whitening stages, the MED (20,30) results are significantly improved as shown in

the last plot of Figure 6.25. The two activities started at two test points are again

very clearly discriminated and the silence of other locations is clarified.

6.5. Conclusions

The applicability of the AMF and MED techniques for DAS applications were

validated by field tests in this chapter. A huge amount of data has been collected with

numerous tests executed in TÜBİTAK Gebze campus since March 2017. Due to the

limited space of this document, sample test results were selected for the presentation

of the efficiency of the proposed methods. Both buried and aerial fiber configurations

were tested during the field experiments.
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Figure 6.25. Waterfall presentation of AMF and MED processing of the whole data

record for the digging activities of the 12. data set.
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All field tests yielded the same results, and the vibration energy is better visu-

alized when the TPI duration is increased for both methods. For the AMF technique,

we can say that the longer the FIR size interval, the better the speckle reduction is.

It is very clear from the test results that an FIR size of at least 1000 seems to be

mandatory to reach a minimum SNR level of 10 dB for weak signal detection. On

the other hand, when we are only concerned with the real measurement data, the

processing time and the computational load will increase with increasing N; it will

not be more beneficial to use very large values of N for real-time applications. The

same situation is also valid for the MED technique since the detection performance is

improved with the increased TPI durations. Some interesting results were obtained

for the κ = 1 case where the spurious vibrations were significantly enhanced. It was

observed that these vibrations were mostly below 20 Hz. The AMF inherently cancels

all the vibrations that are out of its tuned band, but the MED technique is sensitive

to all vibrations in the environment. Hence, it was experimentally verified that the

performance of the MED technique can be improved with appropriate pre-filtering and

pre-whitening stages.

It is worth emphasizing that no precautions were taken to avoid SOP changes

in the setup. Thus, when much longer TPI observations were tested the fast-time

SNR values were observed to be inconsistent. The inherent SOP changes due to

the “coherent detection” employed in our DAS system were unavoidable. But this

situation does not have a negative impact on the applicability of the AMF and MED

techniques.

As a conclusion, the proposed AMF and MED approaches are superior to all

conventional averaging techniques due to their capability of detecting the vibration

location and frequency at the same time while preserving the frequency response of

the system. Hence, both AMD and MED seem to be promising techniques which can

be easily implemented for real-time DAS applications for remote detection of events

along a fiber optic cable route.
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7. CONCLUSION AND FUTURE WORK

Within the scope of this research, we have outlined two distinct signal processing

techniques to improve the detection performance of φ-OTDR based DAS systems, and

developed a real φ-OTDR based DAS system from scratch to validate these techniques

in real-world conditions. Our general findings and the main contributions to the field

of distributed fiber sensing are summarized as follows.

7.1. Sample Covariance of the Optical Backscatter

In this dissertation, two novel signal processing approaches for DAS systems were

presented: the adaptive matched filtering (AMF) and the maximum eigenvalue detec-

tion (MED). Both methods utilize the covariance structure of the measured optical

backscatter for the detection of events along the fiber route. The second order statis-

tics are estimated from a limited number of measurements to compute the weights

of a linear FIR filter in the AMF approach, while the sample covariance is used for

computing the spectrum of eigenvalues in the MED technique. The former approach

was borrowed from the classical optimum noise filtering problem, and successfully

tailored for conditioning the outputs of the virtual microphones of the DAS system.

Each acoustic channel is considered separately to filter out the speckle-like profile of

the φ-OTDR traces. The FIR weight computation has an inherent adaptive structure

which can adapt the DAS system to environmental changes if the sample covariance

is updated on a regular basis.

In the latter approach, the received samples are segmented to form a data matrix

and the largest eigenvalue of the measured covariance is computed to distinguish the

vibration from the background noise. Eigenvalue based detection is a blind detection

technique since it does not require the prior knowledge which the AMF is dependent on

for optimum performance. It was demonstrated by extensive experimental work that

both AMF and MED can be efficiently used for detecting the acoustic perturbations

on the fiber cable; hence the physical events along a fiber route. The outputs of either
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method can be used to detect and track vibrations with a predetermined threshold

but the output range profile must be carefully processed to handle the false alarm

rate (FAR) of the DAS system. In this regard, it is important to remark that both

methods possess the constant false alarm rate (CFAR) property which is of impor-

tance to maintain the FAR for real applications. However, the CFAR property of the

proposed approaches is only for “event detection” but not for “event classification”.

The classification of events detected for DAS application was deemed to be another

research topic which should be focused separately and the proposed AMF and MED

methods have pertained to the vibration detection problem herein.

It is worth emphasizing that the SCM based methods presented in this disser-

tation do not limit themselves to any specific DAS interrogation or detection scheme

employed for analyzing the optical backscatter. Both AMF and MED techniques

presented are still applicable methods that are independent of the optical and electro-

optical components used in the DAS system. Although the baseline of the experimental

system considered here was a lean system excluding many additional optical stages,

the outlined covariance based techniques are directly applicable to any kind of optical

backscatter measurements given that the mathematical model considered is realistic.

Additionally, since the data handled in the experimental work was all intensity related,

it is obvious that both AMF and MED will be directly applicable to direct detection

based φ-OTDR systems as well.

7.2. Random Matrix Theory

One important topic visited in this research is the random matrix theory (RMT)

which studies the eigenvalue distribution of random matrices. The SCM which is

estimated from noise-only measurements is a Wishart random matrix which has been

well-studied in the context of statistical signal processing. It has been analytically

shown that the largest eigenvalue fluctuations can be described by the Tracy-Widom

distribution. The recent results of the RMT which have been successfully exploited

in radar and cognitive radio applications were also tested and experimentally verified

in this context as promising tools for acoustic vibration detection. It was successfully
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demonstrated that the maximum eigenvalue of the optical covariance matrix can be

used to detect the acoustic vibrations along the fiber cable. In order to establish an

appropriate method for adjusting the false alarm rate, the fluctuations of the largest

eigenvalues of the covariance have been studied via RMT assistance. To the best of our

knowledge, the experimental results presented in this dissertation are the first study

that the optical Rayleigh backscatter measurements, when properly scaled, can be

evaluated by the tools of the RMT. We have heuristically applied the outcomes of the

two main theorems of the RMT: the Marcenko-Pastur and the Tracy-Widom. These

two theorems seem to provide very useful tools in understanding the fundamental

limits of signal detection embedded in noise. Surprisingly enough, there is no need to

understand the deep theoretical basis for these theorems to apply them for a specific

detection problem. Generating a data matrix and normalizing the data to have zero

mean and unit variance will suffice before computing the eigenvalues of the measured

data. If the computed eigenvalues of the measurements are similar to those computed

for pure random matrices of the same size, then we can conclude that there is no

coherency or correlations in the data. If the computed eigenvalues are well beyond

the boundaries predicted by the RMT, then we can say that there is correlation in the

data. This simple methodology in our research provided a compelling understanding

of the RMT without going into too much theoretical work and handling our vibration

detection problem in a practical way. Additionally, it also increased our motivation to

improve our understanding of the theory for other signal processing applications.

7.3. Real DAS System Development

Significant effort was dedicated to working with real DAS data in the field.

For this purpose, a system engineering approach was followed to develop a real system

from scratch. Coherent detection based φ-OTDR system was developed in the electro-

optics and laser systems laboratory of TÜBİTAK in the first term of the research.

Desktop instrumentation was used to configure the necessary setup and data acquisi-

tion. After all proof-of-concept demonstrations were completed in the laboratory, the

system was decided to be sectioned as two main subsystems: the optical interroga-
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tor and the electrical signal analysis subsystem. The optical interrogator section was

assembled in a 19-inch rack-mountable instrument which can also be operated as a

standalone unit or tested with alternative desktop instrumentation. The RF instru-

mentation and the data acquisition hardware used during laboratory studies were later

replaced by a single desktop instrument as the electrical signal subsystem. This was

achieved by modifying a software defined radio (SDR) device which is used to monitor

the RF spectrum.

Besides the SDR’s capability of analyzing the signals in the RF spectrum like a

conventional spectrum analyzer, it includes a high-speed ADC and a Xilinx Virtex-6

FPGA. Thanks to its reconfigurable hardware, the embedded software of the device

was modified to handle the electrical output of the interrogator. An additional RF

modulator component was developed and included in the RF section of the SDR to

drive the AOM of the interrogator which operates with the pulse triggered from the

FPGA. A graphical user interface was written in C language for the operation of the

DAS system. The above-mentioned development process was supported by the FOTAS

project under the contract SAP00253 of TÜBİTAK BİLGEM, which was commenced

in February 2016 by the project proposal of the author.

The first field deployment and tests of the FOTAS systems were done in two

different cities in the countryside in 2016. During these field tests, the maximum range

and the lateral sensitivity of the system were tested at two different military sites with

buried intranet fiber cables. The maximum detection range and the lateral sensitivity

of the system were observed to be approximately 50 km and 2 m, respectively. By the

end of 2016, the lateral sensitivity of the system for digging activities was improved

to 25 m after slight modifications in the electrical subsystem.

Since 2017, the field tests of FOTAS and the new algorithms were limited to the

confines of the TÜBİTAK Gebze campus site. First validation tests with the AMF

method was completed in the middle of 2017, and the results were published in the

Sensors journal. Real-data gathering and field tests are continuing to improve the

performance of the FOTAS system.
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By the author’s initiative and the approval of the executive office of TÜBİTAK

BİLGEM, a new contract was signed in 2018 between our industry partners SAMM

Teknoloji A.Ş., and ESEN Sistem Entegrasyon to proceed with the industrialization

of the research efforts and commercialization of FOTAS. In addition to these coop-

erative actions, the author also prepared another project proposal and submitted to

TÜBİTAK Defence and Security Technologies Research Grant Group (SAVTAG) for

the development of a military version of FOTAS for homeland security with an ex-

panded consortium of four industry partners.

7.4. Future Prospects

There is still a long way to go to further extend the AMF and eigen-analysis based

methods to improve the performance and the sensitivity of DAS systems for practical

applications. The author has noted the following issues as new research fields, which

all possess a great potential for integration of the adaptive and eigen-analysis based

methods for further performance improvement in DAS systems.

7.4.1. Spatial Beamforming

One important topic is the beamforming concept, which can be efficiently utilized

by considering the acoustic channels as an array of microphones. Beamforming is a

widely used concept in radar and sonar array processing field and a great deal of

interest is still devoted to robust detection and estimation of multiple targets under

strong interference and jamming conditions. A similar situation naturally arises in the

DAS application when we are focused on detecting and localizing the events for various

purposes under strong interfering events in the field. The accurate estimation of an

approaching or a static acoustic source might be of importance for PIDS applications.

2-D and 3-D processing of the acoustic fields will provide useful information especially

for imaging of the seismic events. The AMF and the MED techniques were only

applied in the temporal domain in this context. Spatial array processing will open

the door for the application of several emitter location algorithms in a straightforward

manner.
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In this regard, the adaptation of the AMF and MED or the derivatives for the

spatial case, and coupled with the popular sub-space based estimation methods will

be one of the key topics to extend our research study.

7.4.2. Frequency Diversity Techniques

Adhering to the resemblance of the receiver to many radar counterparts, includ-

ing the frequency diversity techniques which have not yet considered herein, both AMF

and MED techniques reserve the integration capability in conjunction with much more

different optical receiver and waveform topologies. The main philosophy actually re-

lies on the simplest mathematical model that fits the application in hand. One such

potential application is the pulse compression technique or the stepped-frequency ap-

proach which is popularly employed for radar and lidar systems. The processing of the

backscatter by sweeping a large amount of frequencies enables several high-resolution

spectral estimation methods which have not been studied for DAS in the open lit-

erature. The conventional linear frequency modulated (FM) waveforms or stepped

frequency techniques are popular in radar field adhering to their high-range resolution

capability. Since the SCM based techniques have not been considered in the frequency

domain for the OTDR scheme, the FM interrogation methods were noted by the author

as potential research topics for the integration of the SCM based approaches.

7.4.3. Machine Learning

The DAS system in this research was limited to the analysis of Rayleigh based

φ-OTDR architectures. One of the main challenges of Rayleigh based DAS systems is

their sensitivity to both strain and the temperature. The total influence of the two is

unpredictable in advance which adds complexity to the system design and efficiency

of any signal processing method. In case of a dispersive medium where the fibers are

mounted or installed, the frequency selectivity of the AMF method will become a more

complex issue to overcome, as it relies on the prior knowledge of the environment for

optimum detection performance which is not met in most of the industrial applications.

Spectral signatures of various vibrations of should be gathered or should they already
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be available in advance for a reliable application in the field. This issue may not be so

critical for SHM related use but it is the capability of a DAS system which makes it an

indispensable choice for security related applications when it comes to deciding among

several physical events. Although the alternative blind MED technique overcomes such

uncertainties, as mentioned above, the covariance structure of the optical backscatter

was exploited for the detection but not for distinguishing between several activities.

This necessitates a training period of the system for optimizing itself for the specific

application. Nevertheless, it is a known fact that the commercial DAS systems are

deployed in the field assisted with long training and calibration periods to learn the

environment they intended to work with. Hence, machine learning algorithms seem

to be perhaps the most critical part of the DAS systems that the designers have

to deploy for the final application. Given that the DAS is trained with extensive

field tests under various environmental conditions and distinctive spectral features

are gathered for targeted vibrations, the AMF and MED approaches will have more

potential use, but they still need more detailed and deepened research. In this regard,

the application of the AMF and MED techniques will be considered in conjunction

with machine learning algorithms for real-world applications.

As a conclusion on the overall, distributed acoustic vibration sensing by means of

fiber optic cables is gaining popularity in several industrial applications. The proposed

AMF and MED techniques presented in this research contribute to the detection of

various acoustic vibration sources for different DAS applications and expected to be

efficient tools for the design and implementation of fiber optic sensor technologies.
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APPENDIX A: DERIVATION OF THE MAXIMUM SNR

EQUATION

Consider the SNR definition given by Equation (3.5a). For simplicity, we will

assume a unit amplitude perturbation signal (i.e., σp = 1), and with some matrix

manipulations and exploring the Hermitian symmetry of the covariance matrix, for an

observation dimension of N , we can write:

SNR(slow−time) =
|(R1/2

k .w k)
H(R

−1/2
k .s)|2

(R
1/2
k .w k)H(R

1/2
k .w k)

(A.1)

where Rk is the covariance matrix of order N×N , w k is the column vector of complex

filter coefficients of size N × 1, and s is the vibration signal vector of size N × 1.

(·)H denotes the complex conjugate transpose operation. To find an upper bound

for the above expression, we can use the well-known Cauchy–Schwarz inequality and

write:

SNR(st) =
|(R1/2

k .w k)
H(R

−1/2
k .s)|2

(R
1/2
k .w k)H(R

1/2
k .w k)

≤

[
(R

1/2
k .w k)

H(R
1/2
k .w k)

] [
(R
−1/2
k .s)H(R

−1/2
k .s)

]
(R

1/2
k .w k)H(R

1/2
k .w k)

(A.2)

Thus, the above equation can be simplified as:

SNR(slow−time) =
|(R1/2

k .w k)
H(R

−1/2
k .s)|2

(R
1/2
k .w k)H(R

1/2
k .w k)

≤ sH .R−1
k .s (A.3)

We can achieve the upper bound if we choose:

R
1/2
k .w k = η.R

−1/2
k .s (A.4)

where, η is an arbitrary real number.
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We can verify this upper bound condition by plugging it in the Equation (A.4)

and obtain:

SNR(slow−time),MAX =
|sH .R−1

k .s|2

sH .R−1
k .s

= sH .R−1
k .s (A.5)

Thus, the optimal matched filter is:

w opt,k = η.R−1
k .s (A.6)




