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Abstract - The report proposes a new method for multichannel classification of C-OTDR signals. The method is
based on the use of an ensemble of SVM-classifiers and it is robust to the types of environments of seismoacoustic
signals propagation. The report presents the results of practical application of the proposed method in systems for
remote monitoring of extended (distributed) objects.
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1. Introduction

Application of the C-OTDR (Coherent Optical Time Domain Reflectometer) technology to solve
complex problems of remote monitoring of extended objects is currently being evaluated as a very
promising approach. In particular, this technology can be effectively used to monitor oil and gas
pipelines, controlling technological processes and identifying unauthorized activities in close proximity of
the monitored objects. Simplistically, an C-OTDR -system consists of an infrared laser, an optical fiber
and a processing unit. The laser sends the probing signals through the optical fiber which is buried in the
vicinity of the monitoring object. The processing unit is designed for comprehensive processing of the
backscattered signals, which are called speckle-structures. The main item of the C-OTDR technology is a
comprehensive analysis of the Rayleigh backscattered radiation characteristics, which transforms into an
energetically weakened pulse and propagates constantly in the direction opposite to the direction of a
pulsed laser flow. The reflected signal is created by the presence of static impurities in the optical fiber
body and defects in the microstructure. Signals scattered by the centers coherently and randomly interfere
with each other, forming so-called speckle patterns. Speckle patterns corresponding to different sections
of the optical fibers are recorded and accumulated in the data center. The slightest change of the
reflectance index value of the fiber, which occurred in a particular place, radically changes the speckle
pattern corresponding exactly to this place of the fiber. These changes are reliably detected by the data
center. The local changes in refractive index occur under the impact of temperature or due to mechanical
action on the optical fiber surface. Let us call the optical fiber buried in the soil to a depth of 50-100 cm,
an optical sensor (OS). Mechanical stress on the OS surface is caused by seismic acoustic waves. These
waves are generated of the sources of elastic vibrations (SEV) which located in vicinity of laying optical
fiber. Upon reaching the OS, seismoacoustic wave causes a local longitudinal microstrain on the surface
of OS. Those microstrains in turn, cause a change in the local refractive index of light in a relatively small
sector of the OS. As a result, the speckle pattern, which corresponds to this sector, changes significantly.
Thus, the OS quite accurately reflects the state of the seismoacoustic field in its vicinity. The seismo-
acoustic field contains information about events that occur in the surface layers of the ground near the OS.
This field is created by structural waves, which generated due to mechanical effects on the soil or as a
result of a seismic activity. Walking or running man, traffic, earthworks, including hand digging are
typical sources of the acoustic emission (structural acoustic wave). In this case, the frequency range of the
seismoacoustic waves is in the interval of 0.1 Hz to 1000 Hz. The information, which is required for
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correct identify the type of SEV, is concentrated in the frequency range of 0.2 Hz to 600 Hz, while 95%
of the meaningful information is in even the more narrow range of 0.3 Hz - 350 Hz. The spectral
characteristics of the target signals which lie above and below this frequency range carry information only
about the individual characteristics of the SEV. The SEV, which are subjects of interest for remote C-
OTDR monitoring will be called a target SEV. For the convenience of data processing, the entire OS
length is broken to successive portions (sites) each has length around 10-15 m. The data from those sites
is processed separately. These sites will be called C-OTDR channels or just channels. Width of the

channel A, depends on the probe pulse length. It should be noted that there is no physical possibility to

significantly reduce the channel width A, thereby increasing the accuracy and spatial resolution while

maintaining a significant range of the OS sensitivity. It is known that the optimum channel width depends
on a number of physical factors jointly taken into account when designing a semiconductor laser, which is
main C-OTDR component. In practice, target SEV has its own small size and assumed point. Due to the
nature of the elastic oscillation, the wave from a point source of seismoacoustic emission is usually
detected simultaneously in several C-OTDR channels. At the same time, due to strongly anisotropic
medium of the elastic vibrations propagation, the structure of the oscillations (speckle patterns) varies
considerably between different channels. In each channel a time-frequency characteristics of the speckle
pattern are largely reflect a time-frequency structure of the SEV, which occur in vicinity of the
corresponding channel. The oscillation energy is considerably attenuated during propagation in the
environment. Intensity of attenuation depends on the average absorption factor of the medium and on the
distance from the oscillation point to the location of channel. Accordingly there is always one channel,
wherein vibrations of the SEV reflected substantially intense than in other channels. We will call this
channel dominant. C-OTDR systems perform three major tasks in the following sequence: a)Task “D”
(Detection) — detection of the SEV; b) Task “E” (Estimation) — estimate of the location of the SEV; c)
Task “C” (Classification) — classification of detected SEV by means of assigning it to one of N priori
given classes. This work describes a new approach to classification of the SEV. This approach has high
classification reliability, is stable in terms of the location SEV relative to the OS and is easily
implemented in practice.

2. Multichannel C-OTDR Monitoring System

C-OTDR monitoring systems of extended objects are designed to monitor seismoacoustic
phenomena near controlled objects. Generally, C-OTDR-systems are composed of three subsystems: “D”,
“E” and “C”. Those systems perform tasks D, E and C respectively. The “D” subsystem is based on
models of guaranteed change-point estimation of statistical properties of the observed processes. The “E”
subsystem is based on triangulation method of estimating the signal source coordinates. However,
description of «D» and «E» subsystems is not the purpose of this report. We only mention that joint
operation of these subsystems creates data for the subsystem "C". The subsystem “C” gets coordinates of

detected SEV (vector x, € R? ), and setCh, ={j =S, j-8+L..j,. j+s, -1 ] +su} . This set contains
sequential channel numbers, in which SEV was detected. Here j is a dominant channel number, s;,s, >0 .

Other channels Ch, \ j are called adjacent to the dominant channel. Mathematical model of the SEV is

composed as follows:

e Stage 1. Feature Vectors Extraction. For each speckle pattern obtained in the probing period T for
each of the Z channel are built Linear-Frequency Spaced Filterbank Cepstrum Coefficients (LFCC). In
our case these features are based on 19 linear filter-banks (from 200 to 3000 Hz) derived cepstra. Thus,
19 static and 19 first-order delta coefficients were used, giving the feature order m = 38.

e Stage 2. Approximation of the probability distribution function of the feature vectors by semi-
parametric multivariate probability distribution model, so-called Gaussian Mixture Models (GMM).
GMM is one of the principal methods of modeling broadband acoustic emission sources (including
SEV) for their robust identification now. The GMM of SEV feature vectors distribution is a weighted

32-2



sum of J components densities and given by the equation P(x|/ls ) =w B! (x), where x is a random m-

vector, w, =(w,,..w, ) eR’,B (x) =(B,(x),..B, (X)) eR’,

Z/Bsi (X) =((2ﬂ')m/2 1’2)_1 eXp(—%(X—ﬂsi )T Z;il(x—/usi )j,ﬁs = {(Wsi,,usi,zsi)| i=1 J}

In general, diagonal covariance matrices X~ are used to limit the model size. The model parameters

2s,i

A, characterize a SEV in the form of a probabilistic density function. During training, those parameters

are determined by the well-known expectation maximization (EM) algorithm (Blimes et al.,1998). In
this experiment approximation value J was equal to 1024.

We denote:

SEV is the object of classification.

A is the model parameters of SEV.

o () is index of class, which belongs SEV with parameters A . Thus p° =o(1)eP ={1,..,D} ,

p° - index of the class, which belongs SEV.
Given: cortege of coordinates of all channels in the system X, =(x,,X,,...,X, ) , where Z is the set
of indexes of the channels, Z={1,..,Z} = N ;

T — channel probing period (speckle-structures renewal period in system channels);

o (M|],) is feature space,M is the set of feature values,|| ~ - space  norm,
Diam(M) = sup |4, -4,
Ay, Ay eM

|X| - cardinal value of the set X;

(x). - i-th component of the vector xe R™ ,1<i<m.

Thus, for identification of class SEV, each SEV is modeled by a GMM and is referred to as his
model parameters 2 € M . Priori defined target classes of SEV, which collectively makes up a finite set P

|P| = D. For example, in case of oil and gas pipeline monitoring the array P consists of the following

classes: "hand digging the soil", "chiseling ground scrap ", "walking man", "running man", “passenger
car", "truck", "heavy equipment excavator", "easy excavation equipment”, "spilling fluid pressure",
"liquid spills without pressure”, "movement of the cleaning scraper”, "normal process noise from

operating the pipeline,” "abnormal process noise from operating the pipeline, "cutting frozen soil", "large
ungulate”, "small ungulate”, " large ungulate”, "shrew digging the ground”.

3. Classification Solution in the Multi-channel C-OTDR Monitoring System
Classification solution in this case is considerably complicated because target SEV may appear at
different distances from the OS. Therefore, time-frequency and energy characteristics of elastic vibrations
will reach the OS being significantly weakened by the passage through absorbing, anisotropic medium
(soil). Thus, if classification sample and a model correspond to different distances to the OS, then their
time-frequency characteristics can vary drastically. This may cause quality degradation of the
classification system. To mitigate this problem, a special approach was used. In this approach, the system
was trained on data set, which included collection of measurements at varying distances from OS and
with different values of the absorption coefficient. Accordingly, following concepts were introduced:
o Area of position (AP) of the SEV relative to the OS is a square with sides equal to the channel width

A, 10 m<A <20 m . The center of the square (AP) is located at r-A,—0.5-A, from the OS,
r=1,2,3... Here r - number of AP for a particular channel. Thus, for particular channel the first AP is
located at distance 0.5-A, , the second at distance 1.5-A, etc. Let us denote the square located at
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distance A, -(r—0.5) from the OS by symbol Q(r | A, ). Maximum distance between SEV and OS, in
which SEV can still be registered by the C-OTDR system is comparatively small and in practice does
not exceed the value uA, , whereu<10. Thus, all of the possible AP belong to the following
set: @ ={Q(r|A,)|r=1..u}.

o Generalized slots for values of the absorption coefficient of the acoustic waves. For practical reasons,
two generalized slots have been allocated for the absorption coefficient. The first one
a(l) =[10°,10"°] corresponds to cemented strains; the second «(2) =[10",0.5] corresponds to loose
strains. Naturally, the number of absorption coefficient gradations can be increased to increase the
model adequacy. We denote: V as number of selected intervals and set A = {a(i)|i =1, ..v} .

Denote A=Q®A - as Cartesian product of sets @ and A. Each elementx =(Q(r|A,),a)eA isa
reference to the external conditions of learning (distance and the absorption coefficient). During the
training reference SEV(p), belonging to the classpeP:{l,...,D} , is placed in the center of
areaQ(r|A,) Q. The absorption coefficient Q(r|A,) belongs to the intervala € A. This pair

corresponding to element K=(Q(r|AW),a)eA. In the future, element xe A will be called a

parameter of external conditions. In the k-m experiment with the reference SEV(p), the elastic vibrations
of the reference SEV (p) are fixed in the group of system channels  whose indexes are

collected in the set Ch(k | p,zc):{jk — S0, J =Sy Loy Joree i +S) —1,j+SE}, s,,s. >0 . Here j, -is

an index of the dominant channel in the k-th experiment.
The number of experiments with reference SEV (p), at fixed environmental conditions

parameterx € A , is N. That is k e {1N} k is number of experiment. It should be noted that the j, -th
channel is dominant with respect to other channels Ch(k | p,x)\ j, .
Consider a binary functiond,, j € Z , which takes the value 1 when the SEV was detected in j-th

channel, and the value O otherwise, ( j & Z) = (d, =0).

For a particular xe A a priori fixed finite value s_>0 such thatvk,p:s,,s, <s_<o.
Consider the function Ch(j | x) , mapping set of indexes of channels Z on the set of its subsets such that
Ch(jlx)={x(i-s,)s =L j+L., x(i+s,)}. Here Ch(jlx)cZ, x(a)=5(a)-d,,
5@):(a<0=s(a)=0,a>Z=5(a)=2z). Thus for dominant channel jeZ , function
Ch(j|x) maps it to the set of adjacent with it channels{y(j-s,),... -1 j+L..,x(i+s,)}. The
resulting channel set does not depend on the class of signal and is redundant. Redundancy is reflected in

the fact that set Ch(j|x) includes those channels in which signals of some classes may never be

discovered. For example, at one and the same value x, the elastic vibrations generated by a pedestrian,
who is at a distance of 10 m from the OS, cannot be detected in the channel, located 30m from the
dominant channel. However elastic vibrations that caused by a jackhammer will easily be detected in this
channel, even though these vibrations are made at the same distance of 10 m from the OS. This kind of
redundancy is intentional and created to standardize the data processing. Not knowing the SEV type, the
system is a priori configured to use larger number of channels. If the SEV was not detected in the
channelk € Ch(j|x), this channel is automatically excluded from the procedure of the multichannel

classification. According to Ch(j|x) definition, in case where the SEV was not detected in the
channel j € Z , the corresponding element k € Ch(j | x) is zero. Let’s call function Ch(j|x) a channel
template for a parameter x . The argument j of the channel template is an index of the dominant channel.
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The output of this template will be a set of channel indexes, which includes all possible channel indexes,
in which the SEV may be detected, while it situated in the area of position Q(r |A,) = <K>1 . This area is

located near the dominant channel j and has an absorption coefficienta € a =(«), € A. The result of
training (learning) is a set of classifiers C={f ()| pe{L...D},xeA,je( JCh(l|x)}. Here
|

fp“’”) (O - discriminating function SVM of the j-th channel classifier, under conditions x for the class p;
index x e A refers to the learning environment (area and absorption coefficient) of the corresponding
ensemble of classifiers fp”"“) (D, peP. For the j-th channel vector model parameters corresponding to

the SEV(p) in this channel is denoted (" . Thus for fixed x € A , the training sample size N for the j-th
channel and class p is the following set: M = {(/1[(,;'“’, y.(pl i, K))}:‘_l Y. (p| j,x)eP,peP. Onall
channels, all classes and all valuesx € A , the training set is: M = U M®PI9 For fixed xeA,
p.j.x
considerM(x) c M:M(x)=| JM*"* . Set M(x) is called x—stratum of M . In other words, the

p.i

training sample M s stratified according to x € A . This is a very important system feature. The x e A
will be defined based on data from subsystems «D» and «E» at the sample classification stage. After that,
based onxeA, in the overall set of classifiers C will be a distinguished subset of

classifiers C(x) ={f ()| peP, j e| JCh(l| )} = C, used for classifying depending on the dominant
|

channel index j.

The solution of the classification problem was obtained by using the multi-class Support Vector
Machine (SVM) method. The SVM is a state-of-the-art learning machine based on the structural risk
minimization induction principle (Hearst et al.,1998). The one-against-all method was used to decompose
the D-class problem into series of two-class problems and construct D binary SVM-classifiers, where
each of which separates one class from all the rest. Thus, the p-th SVM is trained with all the training
examples of the p-th class with positive labels and all the others with negative. In this case we have the
training sets M1 = {(;L;;**), y.(p| j,K))}kN 9 (pl j,x) € P. Here N=950, j — number of the C-OTDR

channel, k € A, p — number of class, p € P. For each class p € P, j-th C-OTDR channel,x € A, SVM
classifier was developed with decision function:

N
7 (A) =W, #(A) +by, = 2,87 g, (P 1] KA. A) +by,

k=1
where
o Lif o(2)=p,
y(plix)= .
-1, if o(4) = p.
a"’* are the Lagrange multipliers, 0<a™'* >C,i=1,...,N,

N

Zaf’m Y. (p|j,x)=0. The parameters w',. ,b

- were defined so that
k=1

plj.x

2 +Ci<§p/1,x>i

st. §,(p| j,K)(WTp,j’K¢(1)+bp,j‘K)21_ <§m>k’ < gw>k >0

O.5||w

L. ik plj.x
Minimize : L(w . ,&""*) =

W b 5 prjx

Pl Epl e
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g =(<§p”"‘>l,...,<§"”‘“’>N ) eR". Here, C is a trade-off parameter, so-called soft margin parameter.

The effectiveness of SVM is based on the choice of soft margin parameter C. Different values of C were
tried and the one with the best cross-validation accuracy picked. We used the Bhattacharyya divergence to
measure the degree of similarity between two probability distributions (GMMs). Following (Kailath

,1967), the Bhattacharyya-kernel K(/Is,if) fortwo GMMs 4, and A, isgiven by

-1
1 J Z:si +2 i
<(at) = £ ) | B o)
i=1
(Zsi +Zfl)
Il 2 | 15
2 In S Zﬁ‘ 2iZﬂ:ln(wsiwfi )

The parameter x € A is defined during classification stage of sample A4, based on «D» u «E» data.
Then based on x e A subset is defined: C(x) — C. Next define subset C( j, | x) = C(x) corresponding to
the dominant channel index j, : C(j, | k) = { f90|pe{L...D}, jeCh(j,| K)} c C(x).

The ensemble of classifiers C(j, | ) corresponds to external conditions of observation x € A of
the object SEV, which is the subject to classification. The SEV described by the set of
parametersA( j, | x) :{/11.(”’|j e C(j, |K)} . Here A is the model parameter, which has been calculated

for pattern from the j-th channel at a fixed x € A..
If classifier determines that observed vector parameters A corresponding to SEV from class p, we
notes(p|A) . Otherwise note -s(—p|A) . Overall processing of classification information of channels

C(j, | x) isimplemented using Decision-Level Fusion Scheme (1SO,2006):

P (a(jy)) =argmax B (a(j, 1)), B (g 1) = 2 v, ()7 (A7),

jeCh(jylx)

g (A =sign (199 (4)), (55 (A1) =1) = s(p), (91 (A1) = -1) = s(-p). (1)

Weighting functions ¥ ={t//j (K)|j el,ke A} are chosen to provide minimal posteriori loss or
Bayes risk. Thus, p'(A(j,)) - is an index of class to which classifier (1) assigns the subject of
classification SEV based on A(j,) . Denote the posterior realization SEV in j-th
Lif o(4”)=p

and for ensembles C(j, |«
~1if o(A") =p (s 1%)

channel, j € C(j, | x):y{™ :{

Ly _ ) LI o@(i))=p
P [-Lif o () =P
Let us consider the following events: aN)j’p(/Ij(‘)):{y;j’”')¢y;j‘K)(ifK))}. Further,

&(ilp.x)=E, ., (cbjyp(;tj‘”))|p) is the average total error of the j-th classifier with condition of
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fixedpeP,xe A. Given the hypothesis of independence of classification decisions on P,
e(j|x)=>Y e(i|p.,x)D™" ison average total error of the j—th classifier on the P .

peP

Theorem 1. For the exponential loss function, at fixed P, J,x , selection of functions ¥ as
-1

wj(x):ln((l—g(j|/c))/g(j|K))(Zln((l—g(ilx))/5(i|1c))) provides  minimum value of
posterior loss function E, . >(exp(y“” G2)|p, §. K) :

Proof of Theorem 1 is based on the ideas outlined in (Friedman et al., 2000).
Consider definition of discriminating function on ensemble of classifiers, different from (1). In this
case we have

RO (s 10)= 2wy () (A7) 5 0, ) =argmax B (3(, | ). 2

jeCh(jqlx)

Herein P (A(j,)) - an estimate for the real value of class p, € P , to which belongs the SEV.

Consider ~an  obvious  representation: f ™ (1) = = (fp“"" (2|« j)+77(“”(p), value

U (M) = Diam(M fz wl( and a set of indexes

E(P)={peP| Fﬁ(f)(k(jd |1<))—|Ep“’(k(jd | x))<c(P)} , for somec(P)>0.

Theorem 2. Let
1. Random variables {77( p|/<, j)| pe P} are mutually independent and Vp, j,«: Epo (n(”) ( p)) =0

2. 3L E]0,00[: jl,/iYeM| fp(j"") (/’il)_ fp(jv’() (/12 )| < L”ﬂ‘l _ﬂvz”M :

3. 39 (P)=Inf {3e R’

0 . (J.x) (J.x) .
vp eP.M?x[Epcfp‘ (2)-E ¢ (/1)]39},

ThenP(p° eZ(P))2 P, ,ifc(R) =9 (P)+L(1-P)""U(M),P. €l0,1] .
The proof is similar to the proof of Theorem 1 in (Timofeev, 2012). The set E(PC) with a probability of
not less than prescribed value P, contains index p° of the class, which the object SEV belongs. Value

|E(Pc)| characterizes the quality of classification the object SEV for a fixed value of the confidence

coefficient P..

4. Practical Application of the Suggested Method

The approach described in this report is used for the analysis of C-OTDR data to classify types of
SEV. Parameters of the C-OTDR system: a) duration of the probe pulse - 10 ns; b) frequency sensing - 8
kHz; c) power of the probe signal - 15 mW; d)laser wavelength - 1550 nm . Tests were performed for all

types of events from the set P,|P|=13. In the process of testing the algorithms targeted SEV were
detected at distances of 2 to 50 m from the OS, depending on the type of SEV. The best performance of

the classification accuracy was obtained for the class "heavy equipment excavator": B [10.02, P, [J0.01

for distance 30m, and P, [1 0.11, R, [J 0.12 for distance 60m. Here, P, is probability of the Type I errors;

P, - probability of the Type Il errors. Worst performance of classification quality was achieved for the
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class "hand digging the soil": B, [ 0.09, P, [ 0.08 for distance 5m, and P, [ 0.18

P. [0 0.22 for distance

L ||
8m. The power of the confidence set £(0.9) for P =0.9 does not exceed the value of 2. The tests were

conducted in an area where the prevailed the clay soil. It is important to note that all SEV were detected
and classified, when they were at a distance of 30 km from the location of the laser point data. From a
practical standpoint, the results should be considered a success.

5. Conclusion

The suggested method is robust to the types of environments of seismoacoustic signals propagation.
The results of the practical application of this method for multichannel classification of the C-OTDR
signals proved high efficiency of this approach.
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