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Abstract—A new method is proposed for automatic classification of seismic-acoustic emission sources
in fiber-optic monitoring systems based on the principles of optical reflectometry in a time domain using
the time reconstruction of the interference signal phase. The novelty of this approach lies in the original
principles of forming a space of classification features and the use of ensemble classifiers. This method
works provided that a relatively small training database is used. High practical effectiveness of the pro-
posed approach is shown when working on real data. A classification reliability value previously in-
accessible to alternative classification methods implemented in serial fiber-optic monitoring systems
is evenly achieved for different classes of goals.
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INTRODUCTION

Recently, the practice of monitoring the status of extended objects with a controlled perimeter length
of 20 km or more has been actively supplemented with fiber-optic sensor systems based on the use of optical
quantum effects, which make it possible to measure the dynamics of a seismic-acoustic field in a region where
the system sensor is placed. Modern international scientific engineering literature refers to this class of sys-
tems as distributed acoustic sensors (DASs) [1, 2] and has accumulated a significant experience of practical
use of DASs in different applications, including those for controlling a trunk pipeline protected zone and
monitoring a railway ballast section, trunk channels, etc. From the standpoint of details of the physical
principle of their operation, monitoring DAS systems have become widely used and can be divided into
several classes that differ both by the type of back scattered radiation (Rayleigh, Raman, and Brillouin) and
by the type of an information component of the back scattered radiation (amplitude, phase, polarization,
and frequency). A detailed description of these classes lies beyond this study, but it is noteworthy that
these systems widely used in practice belong to one of the four types: C-OTDR (Coherent Optical Time
Domain Reflectometer) using amplitude [9, 10], P-OTDR using polarization [11], φ-OTDR using phase [12],
and BOTDA using the frequency [13]. Currently, fiber-optic monitoring systems are intensely developed
in a direction of phase-sensitive measurements (φ-OTDR systems) [14], which allows compensating for a de-
crease in the system sensitivity for the case of large sensor lengths (more than 20 km) and improving a series
of technical parameters as compared with traditional C-OTDR systems.

The main advantages of fiber-optic monitoring systems as compared with analogs constructed, for exam-
ple, on geophone networks should include: their low cost in solving monitoring problems on very extended
objects (more than 20 km), resistance of the sensitive element to electromagnetic impact and interference,
stealthiness of system operation (no visually detectable sensors, the system cannot be seen by metal detec-
tors, and no radiation), and stable operation regardless of weather conditions (fog, rain, snow, and wind).
An additional advantage is the possibility of combining a sensor with a communication line, temperature
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2 TIMOFEEV AND GROZNOV

monitoring subsystems, or deformation monitoring. Fiber-optic monitoring systems due to the principle
of their operation have a comparatively narrow bandwidth (usually in a range from 0 to 300 Hz), which,
however, is sufficient for solving the main seismic-acoustic monitoring problems. In very general terms, the
operational principle of these sensors is quite simple [15–17]. A light pulse with a duration of 50 to 150
nanoseconds is sent to an optic fiber that serves as a vibration-sensitive sensor and laid along the monitoring
line (along the perimeter of a protected object or along an extended object), and a back scattered signal is
obtained. As noted above, the type of a DAS system can be amplitude, phase, frequency, or polarization.
Depending on the system type, the corresponding characteristic parameters that describe the reflectivity
of a fiber at its different sections whose length ranges from one to ten meters are determined for the back
scattered signal. In accordance with the system type, the role of these parameters can be played by an
amplitude, frequency, phase, or polarization indicator of a back scattered interference signal. Due to the
impact of an external mechanical action (for example, seismic-acoustic one) applied at a particular segment
of a sensor, there is local deviation of the scattering coefficient. In different types of DAS systems, the
generalized parameter that objectively characterizes this local deviation is considered to be some analytical
function of the difference of parameter values corresponding to one and the same sensor segment in adjacent
probing cycles. The type of this analytical function depends on the type of a DAS system and is the practical
knowledge of DAS system manufacturers. Let this generalized parameter be referred to as an information
parameter (IP) or a signal. Thus, an IP has different physical nature for different types of DAS systems. The
reflectivity of individual optic fiber sections is related to the value of the local scattering coefficient of light at
these sections (segments). The local scattering coefficient, in its turn, depends on the frequency and intensity
of vibrations of the external mechanical action on the sensor surface. This action can be, for example, the
seismic-acoustic field of soil in which an optic fiber sensor is submerged. The fiber-optic sensor is subjected
to pulsed probing at a certain frequency (in practice, ∼2000 Hz) as the values of the corresponding IP are
measured, thereby recovering the amplitude-frequency response (AFR) of the seismic-acoustic field affecting
the sensor. The physics of the operational mechanism of DAS systems with a monomode sensor is quite
complicated. The process of forming a back-scattered signal is affected by many factors that arise due to an
external mechanical action (for example, the seismic-acoustic field) on the sensor. In addition, this process
is affected by the compression and tension of the optical fiber, leading to microfluctuations in the length
and cross section of the sensor, as well as variations in the local refractive index of light in the fiber. The
effects of changing the local placement Rayleigh scattering centers (microscopic inclusions) affect the devia-
tion of the local scattering coefficient [16]. From a practical point of view, DAS systems of seismic-acoustic
monitoring differ from each other by type, price, consumer availability, dynamic range, spatial resolution,
and sensor length which can be served by one interrogator (analytical unit) of the system. The follow-
ing engineering solutions are presented on the market [5, 6]: “Volk”, “Volkodav”, “Volna Al’fa”,“Voron”,
“Dunai”,“Omega”,“Optoleks”,“Sokol”,“FiberPatrol”,“Optosens”, “Silixa iDAS”, and “OXY” [5].

One of the most important problems drastically affecting the practical efficiency of a seismic-acoustic
monitoring system is undoubtedly the problem of highly reliable classification of the type of a seismic-
acoustic emission (SAE) source, which is preliminary detected in the coverage area of the system. The
factors complicating the solution of the classification problem of dynamic SAEs (pedestrian, car, tracked
vehicles, etc.) include a relatively narrow frequency range of measurements (0–300 Hz), which is inherent
in fiber-optic monitoring systems, the fundamental impossibility of prolonged (more than 5 to 30 seconds)
data accumulation for making a classification decision, and incomplete reliability of the reconstruction of the
AFR of the target SAE. All these factors significantly complicate the use of classical methods for recognizing
(classifying) target objects in fiber-optic monitoring systems based on the use of spectral characteristics of
their seismic-acoustic images reconstructed from the IP dynamics.

In [18–29], the problem of SAE classification is solved on the basis of using standard methods for recon-
structing the AFRs of SAEs (some of them are discussed below).

For the φ-OTDR seismic-acoustic monitoring system proposed in this work, this approach does not pro-
vide a high classification quality uniformly across all SAE classes, which is due to nonlinear distortions of
the AFRs of SAEs, introduced by the receiving path of the monitoring system. This study describes a prac-
tically effective approach that, based on the data of the φ-OTDR monitoring system, ensures high reliability
indicators for solving the classification problem uniformly across all SAE classes under the conditions of a
volume-limited training base. The proposed approach is based on an original set of classification features
and on the use of modern machine learning methods, which together ensure its high practical efficiency.
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CLASSIFICATION OF SEISMIC-ACOUSTIC EMISSION SOURCES IN FIBER-OPTIC SYSTEMS 3

1. STATEMENT OF THE PROBLEM

Let O = {o1, o2, ...,} denote a set of source objects of seismic-acoustic emission, each belonging to one
class, and Θ = {θ1, θ2, ..., θm} be the finite set of indices of the classes to which the objects of the set O
belong. There is a certain indicator function χ that is preliminarily unknown to the observer and that
maps the set O onto the set Θ, matching any element o ∈ O with exactly one element θ ∈ Θ. Otherwise,
∀o ∈ O(∃!θ ∈ Θ) ∧ (χ(o) = θ). The object o ∈ O of a preliminarily unknown class generates the seismic-
acoustic emission detected by an extended fiber-optic sensor of the φ-OTDR monitoring system based on
the principle of coherent reflectometry with the help of the phase reconstruction of an interference signal in
time [1].

The monitoring system, based on the observations accumulated during a preliminarily specified time
interval and related to a classification object in fully automatic mode, should determine the class to which
the observed object o belongs to the set Θ. In other words, the monitoring system should approximate the
preliminarily unknown indicator function χ. It is assumed that the SAEs o ∈ O, which are subjected to
automatic classification and together form the set O, are located at preliminarily unknown distances from
the sensor of the monitoring system. In addition, there is the preliminarily unknown value of the absorption
coefficient of the medium (soil) into which the fiber-optic sensor of the monitoring system is embedded.
The propagation medium of seismic-acoustic emission is assumed to be anisotropic.

2. CONCEPTS, DEFINITIONS, AND METHOD

A monitoring channel of the φ-OTDR system is a linear, length-limited section of the sensor such that
the monitoring system is able to receive and analyze data from this section separately from other similar
sections of the sensor due to its operational principle and set tunings. The data received from a particular
channel somehow characterize the stochastic dynamics of the seismic-acoustic field in its location region. The
width of a φ-OTDR channel (spatial resolution) depends on the duration of a probe pulse of a coherent laser
and on a number of other physical parameters of the system. As a rule, the channel width is smaller than or
equal to the physical spatial resolution of the system. The measurement information received by the system
from the φ-OTDR channel is digitized and used as a characteristic of the seismic-acoustic field parameters
in the spatial location of the channel. The channel indices of the system together form set N . A feature of
the proposed approach to the SAE classification is that it does not imply a direct estimation of the AFR
parameters of the SAEs via individual channels of the monitoring system. Due to the physical principles
comprising the basis of φ-OTDR monitoring systems, the AFR of a seismic wave coming from the SAE o ∈ O
to a group of adjacent channels of the monitoring system cannot be measured with acceptable accuracy using
the data of one channel of the system (although a number of manufacturers claim the opposite). Currently,
the relatively low accuracy of measurements is explained by a whole range of problems, including the very
principle of coherent reflectometry in a time domain using the phase reconstruction of the interference signal
in time. As the probe pulse of a coherent laser passes through the sensor body and back-scatters on the
groups of microscopic inclusions (interference centers), which are always present in the optical fiber of a
sensor due to the specifics of its manufacture, there is multiple light interference at the laser frequency.
This interference results in is so-called interference speckles, some of whose energy is recorded by the system
receiver. The speckle sequence measured at successive time points is the basis for the formation of an
IP, regardless of how it is determined. It is known that a speckle dependent on the mutual arrangement of
interference centers inside the body of a particular channel changes its tuning with respect to its previous state
in a substantially nonlinear (almost random) way as the sensor surface has an external impact. Therefore,
even with small mechanical impacts on the fiber, the speckle difference corresponding to adjacent probing
cycles can be disproportionately large (or, conversely, disproportionately small) with respect to the energy of
the impact applied. This disproportionality, being a substantially nonlinear distortion of the initial impact,
inevitably has a nonlinear effect on the value of a certain IP, regardless of how it is calculated and whatever
mathematical methods are used to smooth out the inevitable bursts of its values corresponding to adjacent
measurement time intervals. In this regard, the AFRs of seismic oscillation, which has a vibrating effect on
the sensor, are reconstructed quite approximately even for high probing frequencies of the optical fiber by a
pulsed laser of the system. In addition, due to the relatively long widths of the channel (5–10 m), an acoustic
wave arrives at such a channel with a different phase, which also significantly distortions the estimation of
the frequency of seismic-acoustic waves. Thus, using the φ-OTDR monitoring system to measure the AFR
of the seismic acoustic field results in a nonlinearly distorted estimate of the AFR of the SAE. Our practical
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experience with phi-OTDR data shows that, even using measurements of this quality, it is possible to classify
the types of SAE with high reliability.

Within the framework of the proposed concept, each channel of the φ-OTDR monitoring system at each
time point t carries the following information: 1 means that a signal is detected in the channel, and 0 denotes
that no signal is detected. For convenience, this fact is denoted by a simple indicator function:

Indj(t) =

{
1, at the time t a signal is detected ;
0, at the time t no signal is detected.

Here j is the channel number. As practice shows, the information that the indicator function Indj(t)
carries is quite sufficient to reliably classify the types of SAEs. The algorithms for preliminary channel-by-
channel detection of SAEs and the principles for choosing the threshold separating a signal-noise mixture
from pure noise are detailed in [3]. It is noteworthy that two approaches are practically used: the classical one
with adaptive setting of a threshold within the framework of a sequential analysis and the machine learning
(ML) approach, in which a binary classification problem is solved during the target detection process: the
“signal + noise” class against the “noise” class. This problem is solved using a binary SVM classifier. The
classical approach with an adaptive threshold is much less demanding on computing resources, and the
ML-based detection method provides low errors of the first kind (< 0.01).

Let there be object o in the sensitive region of the system. Let a sequence of time points at which the
monitoring system reads signals from the object o from the fiber-optic sensor be denoted as T = {0, 1, 2, ...}.
At the time t ∈ T , the seismic-acoustic emission from the object o is simultaneously reflected in one or several
channels of the monitoring system, whose indices together form the set Nt = {n|Indn(t) = 1} ⊆ N, |Nt| � 1.
Moreover, due to the impacts of the channel noise and other SAEs, some of the channels with indices from
the set Nt ⊆ N may not be related to emission from the object o. In other words, at the time t ∈ T , this
channel group provides false information and, in fact, serves as an interference generator. This situation
is common for the type of monitoring systems under consideration, so the classification system should be
resistant to such inaccuracies in the observed data.

Let the coordinates of the jth channel be represented by a sequence cj =
〈
cjl, cjr

〉
, where cjl

and cjr denotes the coordinates of its extreme points; cjl, cjr ∈ Rm; Rm is the coordinate space;

cjc =
(
cjl + cjr

)
/2 denotes the coordinates of the arithmetic center of the jth channel. The coordinates

of the arithmetic center of the group of adjacent channels with indices from the set N ′ ⊆ N : cc(N) =

=
∑

j∈Nt
cjc

∣∣N ′∣∣−1
, δ is the width of the φ-OTDR channel, and |A| is the cardinal number of the set A.

Seismic-acoustic emission from the object o arrives at the sensor surface nonuniformly both in time and
space. This is the disproportionality that carries classification features of the type of the object o. Let there
be the term of a mark that is central for the proposed concept. A mark with a subscript i is the disturbance
of the seismic-acoustic field, detected by the monitoring system, which lasts for a time interval [t, t + Δi],
is reflected in |Ni| adjacent channels of the receiving system, and has a width θi = δ |Ni|. The duration
of the mark Δi is an extremely important parameter for solving the classification problem. Therefore,
the time resolution of the receiving system should be such as to ensure guaranteed reception of signals
from the SAEs having a pulse-shock nature (a crowbar impact, a shovel impact, or a human step), whose
duration does not exceed 0.1 seconds. Formally, the mark of the object o is referred to as a parameter set
λi(o) = (ti, θi,Δi, cc(Ni)), where i is the subscript of the mark, o is the SAE (unobserved parameter), Δi is
the duration of the mark, θi is the width of the mark, ti is the detection time of the ith mark, cc(Ni) is the

arithmetic center of the channel group Ni. Next, we consider the set To = {t(o)1 , ..., t
(o)
n } that is a sequence

of time points during which the system observes a sequence of marks {λi(o)}, corresponding to the object
o, and Io = {1, ..., n} is the set of subscripts To. Within the framework of the proposed approach for solving
the classification problem, a threshold of marks corresponding to the object o is used, which is presented in
the form M(o|To) = {λi(o)|i ∈ Io} from the object o ∈ O. The distribution of time points on the set To is
also a helpful feature for the classification because it implicitly characterizes the frequency properties of the
object o.

In order for the marks M(o|To) to be used in classification algorithms, it is necessary to perform a
centering operation on them: to transit from absolute indicators for the quantities cc(Ni) and the elements
of the set To to relative ones. We introduce the centering operation with respect to the mark lambdai(o) in
the following form:

S(λi(o)|d, z) = (ti − d, θi,Δi, cc(Ni)− z), d ∈ R1, z ∈ Rm.
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The results of applying the centering operation to the sequence of marks M(o|To):
Mc(o|To, d, z) = S(M(o|To)|d, z) = {S(λi(o)|d, z)|i ∈ Ind(To)} , d ∈ R1, z ∈ Rm.

Here Mc(o|To) = Mc(o|To, t(o)1 , cc(To)) denotes the centered sequence of observations. Here t
(o)
1 is the first

time point at which o ∈ O is detected, and cc(To) is the arithmetic center of the quantities from the set
{cc(Ni)|i ∈ Ind(To)} : cc(To) =

∑
i∈Ind(To) cc(Ni) |To|−1. Thus, Mc(o|To) is the centralized version of the

flow M(o|To). The flow of the marks Mc(o|To) is used as initial data for solving the classification problem.
When solving the SAE classification problem [18–29], the formation of classification features is based

on various data processing methods: the fast Fourier transform (FFT) and similar methods of spectral
analysis, the wavelet transform, the principal component method, the Gaussian mixture model (GMM),
etc. For convenience, let these methods be referred to as synthetic processing methods. For example, the
FFT is used for primary data processing in [18], the wavelet transform in [19], and a combination of the
wavelet transform and the principal component method in [20]. Often, a processing scheme is formed with
attempts to mechanically implement the schemes that provide acceptable results in solving problems from
other application domains. For example, the mel frequency cepstral coefficient (MFCC) transform, which
is originally developed for speaker identification, traditionally applied as part of an MFCC–GMM–SVM
combination, and reduced to projecting a signal spectrum onto a so-called mel-scale, is used in [21] at the
stage of feature extraction. This technique allows one to determine the frequencies most significant for human
perception. This conversion has proven itself in speaker identification tasks, but its application in working
with seismic-acoustic signals looks strange: a regular linear cepstrum is sufficient in such an application.

In [22], the problem of classifying seismic-acoustic events is solved using a data processing scheme, ob-
viously traced from the well-known FFT–CNN combination (here CNN is a convolutional neural network),
which shows good results in problems of classifying optical images. In order to ensure the operability of this
scheme as applied to the analysis of DAS data, the observations of the φ-OTDR system in [22] are artificially
transformed into a certain “image”. In general, this scheme can be quite functional if one ignores the fact
that the φ-OTDR system nonlinearly distorts the FDR of original seismic-acoustic signals. In view of the
specifics of operation of the φ-OTDR system, one and the same SAE in different parts of the fiber-optic
sensor inevitably forms images with incompletely identical AFR, the stochastic dynamics of whose IPs (in
the case of the φ-OTDR system based on reconstructing the interference signal phase) is reproduced un-
steadily, with significant nonlinear distortions. What happens if the synthetic data processing procedures
are applied to the sequence of measured IPs? As a result of the processing, the vectors of the output pa-
rameters of these procedures to one extent or another inevitably reflect the distortions introduced into the
measurement sequence of the IPs by the receiver φ-OTDR system. Moreover, for one and the same SAE
source, different channels of the system give a significantly different set of values of the vector components of
output parameters. Further, this vector can either be directly used as a classification feature, or classification
features of a higher level of aggregation can be constructed on its basis. In any case, the features obtained
this way are significantly distorted. Therefore, a classifier, such as CNN, should be trained on distorted
and unstable images of target SAEs. This factor significantly reduces the effectiveness of any classification
procedure trained using the results of applying synthetic processing procedures for IP measurements cal-
culated separately for each channel. In this regard, the time-frequency analysis implemented by standard
methods in separate channels of the system, such as the FFT, the wavelet transform, or other methods
based on the use of single-channel estimates of IPs, is not very informative for the problems of classifying
the type of a SAE source in φ-OTDR systems . This is partly the reason for the uneven quality of operation
of classifiers trained using transformed channel-by-channel estimates of IPs for various SAE classes in DAS
monitoring systems. Thus, in [22], a comparatively low classification accuracy (below 90%) is indicated for
two of the six classes. In [23], for two of seven classes, the classification accuracy is also determined to be
below 90%. As classifiers, SVM [24], the nearest neighbor method [25], GMM [18], and neural networks of
various topologies [22, 23] are traditionally widely used. As part of the development of the deep learning
concept, neural networks become an increasingly popular means of solving classification problems in various
application domains. Particularly impressive results are achieved using neural networks to recognize optical
images. In particular, in recent years, the winners of the large scale visual recognition challenge are all
exclusively neural network algorithms. It should be noted that the complete training of algorithms of this
class requires sufficiently powerful training corpora. In [23], a convolutional neural network is trained using
corpora with a capacity of 487 000 samples. However, in most practical applications of DAS systems, training
corpora of such a significant volume are practically inaccessible due to the high cost of their manufacture.
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In practice, the capacity of training corpora for each class of the target usually does not exceed 200-300
samples. In this case, the practical use of neural network algorithms is impossible as the considered type of
algorithms cannot be effectively trained with low-capacity training corpora. At the same time, a number of
modern ensemble algorithms, such as XGBoost [30], remain operable with relatively low-capacity training
corpora. It is the algorithms of this type that have shown the greatest efficiency in a number of practical
applications of DAS systems [3–6].

The originality of the approach proposed in this paper lies in the fact that a comprehensive, time-
frequency analysis of SAEs is carried out using a special object of a high level of aggregation: the flow
of marks Mc(o|To). In relation to the data of single-channel measurements of IPs, the “mark” object is
more aggregated as it it is always constructed using several adjacent channels. This approach allows one
to partially compensate for incorrectly measuring the AFR of the seismic-acoustic field of the SAE using
the φ-OTDR system because the width of the mark (measured with an accuracy of up to the width of the
φ-OTDR channel) may approximately, but objectively characterize the emission source power. As follows
from this research, the indicators of spatiotemporal distribution of the marks in the flow Mc(o|To) are very
powerful and original classification features. As a result, the “flow of marks” object represents an informative
basis for generating original classification features that allow one to solve a classification problem with high
efficiency without requiring significant computational resources, and the use of ensemble classifiers makes
highly effective training possible in the case of using relatively low-capacity training corpora.

3. CLASSIFICATION OF THE TYPES OF SEISMIC-ACOUSTIC EMISSION SOURCES

The main steps of constructing a classification system are as follows:
— gathering of a marked database of “raw” information, intended for training the classifier using the ML
methods;
— generation of a set of classification features;
— reduction (optimization) of this set by special methods;
— selection of the classification algorithm and its training using the ML methods, as a result of which
the optimal values of the classifier parameters are determined, thereby providing acceptable values of the
classification quality indicators (metrics).

3.1 Gathering of a Marked Database

Raw data samples recorded by the interrogator from the sensor of the φ-OTDR system and corresponding
to certain classes of SAE sources are obtained, collected, and archived. In addition, each record is marked
with a source type marker. Gathering the base is an extremely important step, which is impossible without
the use of an expensive polygon. The database used to train the classification system is collected from two
polygons. The sensor of the first polygon is placed at a distance of 3 to 5 meters from the edge of the railway
ballast section at a depth of 30 to 50 cm, and the soil comprises crushed stone, sand, and clay. The sensor
length is 1500 m. The polygon is deployed at “PK-2, peregon st. Sorokovaya—Astana, 497th kilometer”
to tune the φ-OTDR system intended for railway applications as part of a pilot project with “Kazakhstan
Temir Zholy” company. The sensor of the second polygon is deployed near the analog of a boundary dividing
strip at a depth of 30 to 50 cm in order to tune the φ-OTDR system for perimeter applications. Its length
is 5000 m, and the soil comprises dense sand, crushed stone, and loam. In addition to pedestrians, cars,
and light wheeled tractors move along this lane. According to the terms of reference, the duration of each
record corresponding to a certain type of event (class) is 5 s. As the tuned classifier observes the detected
object during the same time, it should determine the type of an object and categorize it as one of five
classes. Each type of class corresponds to an implemented flow of marks Mc(o|To) (record), observed for
five seconds. The tuning of the φ-OTDR system allows one to record seismoacoustic events in a frequency
range from 0 to 500 Hz. Thus, a database is gathered, which contains the records of seven types of events:
“pedestrian” (101 records, with a distance to the sensor from 0 to 7 m), “manual digging of soil” (50 records,
with distance to the sensor from 1 to 10 m), “passenger car” (124 records, with a distance to the sensor
from 10 to 50 m),“wheeled tractor” (145 records, with a distance to the sensor from 10 to 50 m), “train”
(150 records, with a distance to the sensor from 3 to 5 m), “freight train” (150 records, with a distance to
the sensor from 3 to 5 m), “background class” (200 records). The latter includes the seismoacoustic events
that are not target events, which is why they cannot fall into any of the first six classes. In general, the
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Examples of typical flows of marks for the six classes of SAE sources: pedestrian (a), manual
digging (b), passenger car (c), wheeled tractor (d), electric train (e), and freight train (f).

events of this class can be considered as background or interference events. “Background class” is comprised
of records of operating excavator and caterpillar equipment, production operation, sounds of rock drills,
powerful channel noise that occasionally spontaneously appear in the channels of the monitoring system,
and all kinds of combinations of these events. Visual representations of typical flows of marks for the six
classes are shown in the figure.

3.2 Classification Features

In choosing a set of features used for automatic classification of objects, two successive tasks are solved.
First, based on the parameters of the flow Mc(o|To), a set of classification features is generated. The success
of generating features is largely due to the how deeply the developers understand the physical processes
underlying the generation of raw data. Let us describe the features used in more detail as selecting them is
one of the central issues in solving the problem of automatic classification of SAE sources.

Let n = |To| denote the number of marks in the flow Mc(o|To) and ΔTo = t
(o)
n −t

(o)
1 stand for the duration

of the time interval of observation of the flow Mc(o|To).
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For an arbitrary nonempty random set X ⊆ R1, we determine a vector function V(X) =
(Me(X),Mn(X),Mh(X), σ(X), Range(X)) ∈ R5, whose components are as follows: Me(X) is the me-
dian of the set X , Mn(X) is the average value of the set X, Mh(X) is the average harmonic of the
set X , and σ(X) is the estimate of the standard deviation on the set X,Rang(X) = Max(X) −Min(X).

The following sets are considered next: T c
o = {ti − t

(o)
1 |i ∈ Ind(To)}, θco = {θ(ti)− cc(To)|i ∈ Ind(To)},

Δc
o = {Δi|i ∈ Ind(To)}, and Cc

o = {cc(Ni)− cc(To)|i ∈ Ind(To)}.
The elements of the set T c

o ⊗ θco can be interpreted as time points ti at which noisy measurements of
the arithmetic coordinate center cc(Ni) of the dynamic object o ∈ O are made. In this case, ν(T c

o ⊗ θco)
denotes the local estimate of the projection of the velocity of this object onto the sensor, obtained by the
linear interpolation method. Next, the following heuristic indicators that characterize the flow Mc(o|To) are
considered: DΔ = nMe (Δc

o) (ΔToσ (Δc
o))

−1 is the characteristic of the distribution density of the duration
of marks over time, and Dθ = n (ΔToMe (θco))

−1 and DθL = n (ΔToRang (θco))
−1 are the parameters of

the spatiotemporal distribution of marks. Other heuristic indicators characterizing the flow Mc(o|To) are
also considered. As soon as the set of features for the classification is formed, it is reasonably narrowed by
selecting the most informative signs. In fact, several so-called “filtering” methods are used at this stage:
chi-square, the Pearson correlation, and analysis of variance (ANOVA). Another method used is backward
elimination. The resulting set of features that are eventually used to classify the type of a SAE source has
the following form: {DΔ, Dθ, DθL, ν(T

c
o ⊗ θco),V (Δc

o) ,V (Cc
o) ,V (θco)}.

3.3 Classification Algorithms

Numerous experiments have shown the high practical effectiveness of well-known methods: a multiclass
support vector machine (SVM) method and two ensemble methods which are XGBoost [30] and Gradient-
Boosting (GB) [31, 32]. For various reasons, the rest of the methods provided significantly lower quality
indicators for solving the classification problem on the used database. In particular, the classifier based on a
multilayer neural network (ANN) in the case under study is inferior to the three above-mentioned methods
by more than 5% according the “probability of correct classification” indicator due to an insufficient size of
a training sample. In the case of ANN, the size of a training sample is a factor that radically determines
the effectiveness of the classification. All these methods, especially the multiclass SVM method, have clear
mathematical justification, which is not given here due to its large volume.

The generalizing ability of classifiers is estimated using a standard rolling control scheme also known as
cross validation (CV) in a leave-one-out (LOO) version. For the SVM classifier, with account for the multi-
class statement of the problem, the “one-vs-rest” strategy is used. The main parameters of the algorithms,
otherwise called hyperparameters, are optimized using the Hyperopt module of the Sklearn library, Python
3.6. For example, in the XGBoost classifier, the hyperparameters are ¡eta¿ (analogous to “learning rate”),
“max depth”, “min child weight”, and “gamma”. The quality of the classification algorithms is estimated
using the universal indicator PCC (probability of correct classification), estimated numerically for each class
at the step of testing the classification algorithms. The base of precedents (signals) used for training is
relatively well balanced: there is no significant difference in the power of the classes presented therein. For
this reason, the exponent PCC as the main classification metric in this case is quite correct. Nevertheless,
other traditional classification quality metrics are actively used during the investigation, including the recall
estimates and parametric F measures, which, due to the good balance of the training set, expectedly bring
no additional information to estimating the quality of the classification algorithm. It is the metric PCC in
the context of the goal of this work that is the most indicative, well understood, and interpreted by both
developers and operators of monitoring systems, and it is also an objective integral indicator of the quality
of the classification system.

The classification results are summarized in the table. As follows from the data presented therein, the
selected three classifiers trained on a marked database containing records of signals from six types of sources,
confidently can classify these types of events. It is very surprising that the classifiers quite reliably distinguish
between an electric train and a freight train by a five-second long sound and that the pedestrian class is 100%
reliably classified: there is no confusion with the amplitude-frequency class of “manual digging of soil”, which
is close to it. The first section of the table shows classification results for seven classes. The second section
contains classification results for six classes: the “electric train” and “freight train” classes are combined
into a single class of “train”. The third section of the table shows classification results for five classes: the
“light wheeled tractor” and “passenger car” classes are combined into a single class of “wheeled vehicles”.

OPTOELECTRONICS, INSTRUMENTATION AND DATA PROCESSING Vol. 56 No. 1 2020



CLASSIFICATION OF SEISMIC-ACOUSTIC EMISSION SOURCES IN FIBER-OPTIC SYSTEMS 9

Table

Classifier

Section 1 Section 2 Section 3

Object type
(7 classes)

PCC
Object type
(6 classes)

PCC
Object type
(5 classes)

PCC

XGBoost

Pedestrian 1.0 Pedestrian 1.0 Pedestrian 1.0

Manual digging
of soil

1.0 Manual digging
of soil

1.0 Manual digging
of soil

1.0

Passenger car 0.99 Passenger car 0.99
Wheeled
vehicle

0.99
Light wheeled

tractor
0.99 Light wheeled

tractor
0.99

Electric train 0.99
Train 1.0 Train 1.0

Freight train 0.98

Background class 0.99 Background class 1.0 Background class 0.99

Average PCC 0.99 — 0.99 — 0.99

Gradient-
Boosting

Pedestrian 1.0 Pedestrian 1.0 Pedestrian 1.0

Manual digging
of soil

1.0 Manual digging
of soil

1.0 Manual digging
of soil

0.99

Passenger car 0.97 Passenger car 0.98
Wheeled
vehicle

0.99
Light wheeled

tractor
0.97 Light wheeled

tractor
0.98

Electric train 0.98
Train 1.0 Train 1.0

Freight train 0.98

Background class 1.0 Background class 1.0 Background class 0.99

Average PCC 0.98 — 0.99 — 0.99

Multi-class
SVM

Pedestrian 0.99 Pedestrian 1.0 Pedestrian 1.0

Manual digging
of soil

0.99 Manual digging
of soil

1.0 Manual digging
of soil

0.99

Passenger car 0.98 Passenger car 1.0
Wheeled
vehicle

0.99
Light wheeled

tractor
0.98 Light wheeled

tractor
1.0

Electric train 0.97
Train 1.0 Train 1.0

Freight train 0.97

Background class 1.0 Background class 1.0 Background class 1.0

Average PCC 0.98 — 1.0 — 0.99

In general, the results indicate that the three selected classification methods reliably determine the type of
class from its five-second sample. For example, in the case of six classes, the multiclass SVM method shows
a result absolute in accuracy. Using the CV methodology guarantees that the generalizing ability of trained
classifiers is sufficiently high, i.e., no overfitting is observed. The interference SAEs, which belong to the
“background class”, are also fairly reliably classified, which is extremely important for the practical use of
the monitoring system for ensuring a minimum level of errors of the first kind. In particular, when testing
the φ-OTDR monitoring system tuned for railway applications, the detection and classification subsystem
equipped with the XGBoost classifier for continuous monitoring for six months obtains an average value of at
least 920 hours for the “false alarm hours” parameter. In this application, the target SAEs Are: five types of
trains, pedestrians, manual production operation on the railway track, and automated production operation
on the railway track. The interference SAEs are the channel interference, the operation of equipment near
a ballast prism, road transport (a dirt road passes near the railway track), pets, and other SAEs. The
length of the fiber-optic sensor is 1 500 meters, and the correctness of recognition of target events by the
system is controlled by the operator using a video camera, as well as the preliminarily known train schedule.
From the standpoint of convenience and effectiveness of practical application, the classification methods
under consideration on the selected feature space are approximately equivalent, while the multiclass SVM
method is trained faster and the ensemble methods work more accurately with a larger number of classes.
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Comparative experiments are carried out on a regular PC (quadcore Core i7-2630QM with a standard
frequency of 2.0 GHz and 16 GB of RAM). With the use of the corpus of data described in sec. 3.1 and the
feature space from Sec. 3.2, the average training times are 0.5 s for the multiclass SVM, 6 s for GB, and
16 s for XGBoost.

CONCLUSION

Practical studies showed that the proposed method for automatic classification of seismic-acoustic emis-
sion sources according with the use of the data from the monitoring DAS system was highly reliable and
easily implemented at the modern level of computing facilities. The selected original set of classification fea-
tures was sufficiently informative to ensure the classification process itself. Classifiers of the following types
showed the best results: multiclass SVM, XGBoost, and Gradient-Boosting. All of the three uniformly pro-
vided a value PCC � 0.98 for the cases of seven, six, and five classes of targets. The classification reliability
level reached evenly across all classes of targets is currently unavailable for alternative classification methods
used in φ-OTDR systems [22, 23], where this indicator for some classes does not exceed 0.9. Based on the
results of this study, a subsystem for the classification of seismic-acoustic events was developed, which was
part of the phi-OTDR monitoring system “OXY”. This monitoring system was included in a number of
projects to ensure the control of extended facilities in the territory of the Republic of Kazakhstan.
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