ﬁ Sensors

Article

Detection and Recognition of Voice Commands by a Distributed
Acoustic Sensor Based on Phase-Sensitive OTDR in the Smart

Home Concept

Tatyana V. Gritsenko (0, Maria V. Orlova !, Andrey A. Zhirnov 1%, Yuri A. Konstantinov 207, Artem T. Turov -3,

Fedor L. Barkov 202, Roman L. Khan !, Kirill I. Koshelev 1, Cesare Svelto 4

check for
updates

Citation: Gritsenko, T.V.; Orlova,
M.V.; Zhirnov, A.A.; Konstantinov,
Y.A.; Turov, A.T.; Barkov, FL.; Khan,
R.I; Koshelev, K.I; Svelto, C.; Pnev,
A.B. Detection and Recognition of
Voice Commands by a Distributed
Acoustic Sensor Based on
Phase-Sensitive OTDR in the Smart
Home Concept. Sensors 2024, 24, 2281.
https:/ /doi.org/10.3390/524072281

Academic Editor: Alayn Loayssa

Received: 29 January 2024
Revised: 18 March 2024
Accepted: 21 March 2024
Published: 3 April 2024

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Alexey B. Pnev 1*

Laser and Optoelectronic Systems Department, Radio Electronics and Laser Technology Faculty,

Bauman Moscow State Technical University, 2-nd Baumanskaya 5-1, 105005 Moscow, Russia;
chobantv@yandex.ru (T.V.G.); manja254@yandex.ru (M.V.O.); a.zh@bmstu.ru (A.A.Z.);
khan.roman.igorevich@gmail.com (R.LK.); koshelev-k@yandex.ru (K.LK.)

2 Perm Federal Research Center of the Ural Branch of the Russian Academy of Sciences (PFRC UB RAS),
13a Lenina St., 614990 Perm, Russia; yuri.al. konstantinov@ro.ru (Y.A K.); artemtur442@gmail.com (A.T.T.);
barkov.f@permsc.ru (FL.B.)

General Physics Department, Applied Mathematics and Mechanics Faculty, Perm National Research,
Polytechnic University, Prospekt Komsomolsky 29, 614990 Perm, Russia

Dipartimento di Elettronica, Informazione e Bioingegneria Politecnico di Milano, Piazza Leonardo da Vinci 32,
20133 Milano, Italy; cesare.svelto@polimi.it

*  Correspondence: pniov@bmstu.ru

Abstract: In recent years, attention to the realization of a distributed fiber-optic microphone for the
detection and recognition of the human voice has increased, whereby the most popular schemes
are based on @-OTDR. Many issues related to the selection of optimal system parameters and
the recognition of registered signals, however, are still unresolved. In this research, we conducted
theoretical studies of these issues based on the ¢-OTDR mathematical model and verified them with
experiments. We designed an algorithm for fiber sensor signal processing, applied a testing kit, and
designed a method for the quantitative evaluation of our obtained results. We also proposed a new
setup model for lab tests of ¢-OTDR single coordinate sensors, which allows for the quick variation
of their parameters. As a result, it was possible to define requirements for the best quality of speech
recognition; estimation using the percentage of recognized words yielded a value of 96.3%, and
estimation with Levenshtein distance provided a value of 15.

Keywords: fiber-optic sensor; distributed fiber-optic sensor; phi-OTDR; acoustic monitoring; machine
learning; speech recognition

1. Introduction

Smart homes, smart manufacturing, and even smart cities are increasingly becoming
part of the lives of citizens in many countries worldwide [1-3]. Some use these technologies
as luxury items, but for people with disabilities, these are a few ways to improve the
quality of one’s life to an acceptable level. In smart manufacturing, artificial intelligence
and Internet of Things (IoT) technologies can be integrated into one sensor system as
a way of organizing rational and comfortable work. In large cities, such technologies
allow for monitoring and regulating passenger and human traffic, structures, personal
identification, etc. [4,5]. The key feature of the sensors in such intelligent systems is their
ability to acquire information without distraction from daily activities. One of the most
common and simplest control methods from the point of view of human physiology is a
voice command [6,7]. However, using an example of a smart home, we can easily see that
not all IoT devices have voice input devices (microphones)—for example, refrigerators and
microwave ovens are typically not controlled by voice. The same applies to technological
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and laboratory equipment in smart production. Even if we imagine that all pre-machine or
factory peripherals are equipped with voice input devices, many new questions arise: what
frequency and bitrate are necessary to digitize a voice signal? How should we transmit it
to the network—in the form of an original audio file or text strings? In any case, adding a
microphone, an analog-to-digital converter, and a data transmission channel to each element
of a smart system would require significant costs, and the integration of new electronic
components would also require additional electrical power. In this paper, we propose a
method for registering voice commands using a distributed fiber-optic sensor. Distributed
optical fiber sensing technologies have become widespread nowadays [6-10]. Rayleigh
scattering sensors, which operate on the principle of phase-sensitive optical reflectometry
in the time domain, are the most sensitive to acoustic frequency fluctuations. The sensitive
element in such sensors is the optical fiber itself, which enables the measurement of various
physical parameters of the environment [11-13], the separate registration of acoustic signals
and disturbances in different parts of extended objects and locations along the entire
length of the sensing fiber, and the accurate determination of disturbance coordinates. In
1977 [14], it was shown that acoustic disturbances affect parameters of light propagation in
sensing fibers, demonstrating the possibility of creating a fiber-optic microphone; today,
such devices are highly interesting to potential users. Fiber-optic microphones have the
following significant advantages over common electronic microphones: they are compact
and light, which allow them to be placed in hard-to-reach places; they can record audio
information without electromagnetic interference; they can be placed in fire-safe zones and
conditions of high and low temperatures; and there is no need for electric wiring and local
power supplies. A fiber microphone can be included in an existing fiber communication
line for recording information and for its direct transmission, which makes fiber-optic
microphones promising audio devices for use in communication systems as well.

The advantages of fiber-optic microphones have attracted the attention of researchers.
Various schemes for their construction have been proposed, including those based on
fiber interferometers, including weak Fiber Bragg Gratings (wFBGs), and those based on
phase-sensitive optical reflectometers in the time domain (¢-OTDR), which are commonly
used as distributed acoustic sensors (DAS) [15]. A distributed fiber-optic microphone
based on ¢-OTDR is a promising technology that allows for the recording of acoustic
disturbances, including speech, along a sensing fiber with a high resolution of 10 m [16]
and in a wide frequency band [10] all over large objects and locations with lengths of up to
80 km. A distributed fiber microphone based on ¢-OTDR can be used as an independent
system to obtain information about speech signals and their coordinates. In addition, it can
significantly expand the functions of security systems and monitoring systems for extended
objects, such as pipelines, railways, and long-perimeter objects, to prevent and detect leaks
and unauthorized tie-ins and perimeter crossings, as well as be integrated into smart home
and smart city technologies. The basic concept of projecting the approach of DAS-equipped
smart cities onto the technology of a DAS-equipped smart home is shown in Figure 1.

In recent years, various research groups have been working to create a distributed fiber
microphone for recording human voice based on a ¢-OTDR [12,13,17]. It was demonstrated
that a ¢-OTDR can be used to record single-frequency sound disturbances by speakers
at specified frequencies in a range of 2-3 kHz, which can be subsequently restored from
the received signals and reproduced [11]. In [12], the English alphabet dictated through a
loudspeaker was recorded using a ¢-OTDR-based microphone, and in [13,17], the authors
recorded human speech amplified through a loudspeaker adjusted to the C-weighted sound
pressure level (dB(C)) of 85 dB using such a microphone. All these studies demonstrate the
significant potential of this technology. However, many problems have not been solved to
date. The most important parameter of a distributed fiber-optic microphone is the quality
of speech signal recognition. It was noted in [17] that, at the moment, researchers use
subjective criteria (e.g., [18]) to determine this indicator. It seems necessary to characterize
the recognition quality quantitatively and objectively. To solve this problem, we propose
using open speech recognition services.
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Figure 1. Scheme of DAS interrogation for a smart city (left) and smart home (right).

The issue of selecting the optimal parameters of the ¢-OTDR scheme to ensure the
highest quality of speech registration is also relevant to enabling the further reproduction
and recognition of words. Most of this study is also devoted to this issue. We studied
the influence of ¢-OTDR parameters—such as the pulse repetition rate and the required
amplification of radiation directed into the line (and then the one backscattered)—on the
quality of human speech recording and recognition. A study of the quality of human
speech recording and recognition dependence on parameters of an ¢-OTDR in the form
of pulse repetition rate and sound volume was conducted. Separately, we would like
to highlight that the authors considered the issue of voice recognition using a phase-
sensitive reflectometer with direct (incoherent) detection without phase recovery. Thus, the
method used has a nonlinear transfer characteristic toward external disturbances, which
somehow leads to lower-quality signal transmission and recognition results but allows
using a much simpler ¢-OTDR scheme for detection. In addition, this technique is less
susceptible to outliers that appear during the phase-reconstruction procedure at moments
of too-rapid linear growth in a noisy urban environment. In any case, the newly proposed
quantitative and objective method for assessing the quality of signal recognition applies
to any type of fiber-optic sensor. The results of phase recovery in the case of a linear
transfer characteristic during our experiments can be observed when analyzing the signal
from a pair of wFBGs, which form a sensitive section similar in principle to the survey
section of the reflectometer in terms of phase recovery. Devices like ¢-OTDR without phase
recovery are easy to assemble and stable in operation; therefore, their use as a distributed
microphone is important and promising for widespread application.

2. Theory
2.1. The 9-OTDR Operation Principle

The @-OTDR can provide information about the presence of external acoustic and
vibration disturbances on the fiber sensor throughout its entire length in real time. It
ensures localization and speech recognition at any point along the sensing fiber. Thus, one
can, over time, monitor and receive information about which voice command is given and
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at which location of the apartment or the room, or recognize the speech of several speakers
separately at once.

The scheme of a distributed fiber microphone based on a ¢-OTDR is presented in
Figure 2. The operation principle of a distributed fiber-optic microphone based on a
¢@-OTDR is as follows: Radiation from a laser source, with a coherence time greater than the
adopted pulse width (typically in the order of 100 ns), propagates throughout the scheme.
Firstly, the laser output passes through an erbium-doped fiber amplifier (EDFA) booster
(B), which increases the radiation power to the required level. Next, an acousto-optic
modulator (AOM) generates light pulses sent through the circulator (C) in the sensing fiber.
The sensing fiber is located in a cable, which is mounted along a monitored object or space.
The modulated light propagates along the fiber with low attenuation. It is scattered back
because of the refractive index inhomogeneities in the glass, which appear during the fiber
production process or arise/change in the presence of external disturbances. From each
section of the fiber, with a spatial resolution /) determined by the half-width duration of
the optical pulse at the output of the AOM, backscattered lightwaves interfere with one
another, producing high- and low-intensity peaks. Through C, the returning (backscattered)
interference optical signal travels to a preamplifier (pEDFA), which amplifies it to increase
the signal level adequately for high-precision optical detection. After the preamplifier, the
pEDFA broadband spontaneous radiation (amplified spontaneous emission (ASE), noise)
is filtered out from the signal using a spectrally selective narrow-bandpass optical filter
(F) centered at the laser wavelength, and the signal is finally sent to a photodetector (PD).
The voltage output from the PD is digitized by an ADC. As a result of the interference of
backscattered lightwaves with random phases, a rugged reflectogram is formed, providing
the dependence of recorded signal intensity on time for each point (or coordinate) along the
fiber. A sequence of reflectograms, each retrieved from different backscattered light pulses,
is called a “waterfall”. An example of a “waterfall” reflectogram is shown in Figure 2b.
It is a three-dimensional representation of the signal, which shows an array of all the
reflectograms, depending on the spatial coordinates, with their changes over time, showing
intensity variations between different pulses (temporal evolution) and coordinates (spatial
evolution) along the sensing fiber. The “waterfall” cross-section, which is the backscattered
intensity as a function of time for a specific coordinate, is presented in Figure 2c.
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Figure 2. (a) Scheme of a distributed fiber microphone based on a ¢-OTDR; (b) waterfall of backscat-
tered intensity (in a fake color scale) as a function of time and coordinate; and (c) backscattered
intensity as a function of time for a specific coordinate.
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In the absence of external acoustic and vibration disturbances acting on the optical
fiber, the reflectogram has a more stable appearance, influenced only by some electrical
and thermal noise. In the presence of an acoustic disturbance, the scattering centers in the
fiber are shifted relative to their initial position, and new scattering centers are induced
due to the deformation of the fiber and concomitant changes in the refractive index. As a
result, the reflectogram changes significantly over time, also depending on the amplitudes
and frequencies of the vibration disturbance (as well as a voice signal). After receiving
the sequence of reflectograms over time, it is possible to form a “waterfall”, as shown
in Figure 2b. Its analysis shows quiet and influenced sensor sections and can be used
to recognize the disturbance type and its parameters. The point signal in the form of an
intensity evolution in time, an example of which is shown in Figure 2c, is preprocessed at
each moment of time. After accumulation over some characteristic duration (usually a few
seconds), voice signals can be recognized and converted into text.

2.2. Mathematical Model of the Signal-Formation Process in a Distributed Fiber-Optic Microphone
Based on ¢-OTDR

For a theoretical study of the quality of speech recognition dependence on such
@-OTDR scheme parameters, a mathematical model was developed by forming a signal
from a single point of a distributed fiber-optic microphone based on ¢-OTDR.

The signal recorded by the ADC at each moment of time can be represented as a
dependence of the intensity of the interference pattern on time I(t):

2

(1) = M

N .
Z Ai’l .e]()on,f
i=1

where N is the number of scattering centers distributed randomly over a 20 m fiber length
section (corresponding to the optical pulse half-duration of 100 ns); A, is the amplitude of
the lightwave reflected from the n-th scattering center, which is constant over time; and
@n,t is the phase of the lightwave reflected from the n-th scattering center.

Since the @-OTDR uses a narrow-band radiation source, for which the coherence
length is much longer than the pulse width along the fiber, the sum of backscattered
lightwaves from one pulse takes into account the phases, as can be seen in Equation (1)
(i.e., it is coherent within the pulse length). In this case, the amplitudes of the backscattered
lightwaves obey a distribution that can be taken as normal (since we have a large number
of randomly distributed scattering centers along the pulse within the fiber), and the phase
distribution is uniform over an interval of [—7; t]. Thus, the probability distributions of
the amplitude p(a) and phase py(0) of the resulting signal from the scattering centers can be
described by the following expressions:

p(g) ={ 0 127‘[ exp{_%(oa) } ifa>0 2)

0 otherwise

1
spfor—m<O<nm
0 otherwise

pate) = { ®
where ¢ is the amplitude standard deviation, ag is the amplitude mean value, and a is the
amplitude of a given scattering center.

The signal at the system’s output is noisy due to the instability of the system’s compo-
nents’ parameters. The main sources of signal distortion are discussed below.

Firstly, laser wavelength fluctuations are a source of signal distortion. This affects both
the system sensitivity and the transfer function linearity. These dependencies are due to the
interferometric nature of the signal [19]. The interference leads to maxima and minima in the
intensity changes in time, which is the interference pattern. The sensitivity of the system is
greater in intensity peaks and minimal in low-intensity zones [20]. Further, random multibeam
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interference causes nonlinearity of the transfer function of the system, which differs from the
two-beam interference simple sinewave, which is observed, e.g., when two waves are reflected
from a pair of wFBGs. The transfer function differs for each sensing fiber coordinate, being
defined by the random location of the scattering centers at each point as well as by backscattered
wave amplitudes and phase distributions within the pulse.

Secondly, signal distortion is caused by the noise of the receiver components, such
as a photodiode with an electrical transimpedance amplifier and eventually a pEDFA. At
long working distances, a pEDFA is absolutely necessary. In most cases, average PD noise
remains quite the same, while a pEDFA with a large gain both helps to increase a signal
level and introduces additional noise. When the pEDFA noise is filtered out, the resulting
signal-to-noise ratio is increased. Thus, pEDFA noise can be considered the dominant term.

To simulate processes occurring in the fiber-optic microphone based on a ¢-OTDR,
the following mathematical model was created.

The laser has frequency instability over time, which can be described by the follow-

ing expression:
v=1y+ ‘Fl{\/svfrepzT}

where 1y is an initial laser frequency in Hz, F —1 (..} is the inverse Fourier transform, and
Sy =Sy | Firand(1)} 1% - 1/ vp?. T is the simulated power spectral density of laser frequency
oscillations with envelope S, during the observation time T, and frep is the pulse repetition rate.

To describe the phase, it is necessary to take into account the wavelength A; of the
radiation source and the distance L, from the circulator (or some other conditional point)
to the scattering center. In a fiber, the average size of inhomogeneities on which Rayleigh
scattering occurs is about 1/10 of the wavelength, so the number of scattering samples over
the fiber length Lg is

, (4)

Ls
A/10

Therefore, for a sensor with a length of Lg = 20 m, the number of scattering centers at
a wavelength of A ~ 1550 nm will be N, = 1.3 x 10%. The inhomogeneities are randomly
located along the entire length of the fiber. Under such conditions, we can describe the
distance from the circulator to the n-th scattering center as

N, =

(5)

L, = Nﬁ:"'% + 1ﬁ}.\o-rand(l) (6)
where N ,-A/10 is the distance from the circulator to the n-th scattering center, and
£A/100-rand(1) is a random shift used to simulate random positions of the scattering
centers to obtain the random phase distribution. External disturbance to the sensor leads to
a shift of the scattering centers in the fiber and, consequently, to a change in the phase of
the backscattered signal from each scattering center:

4nn
A(pn,t = T(L” + ALpy), (7)

where 7 is the effective group refraction index and AL, is a displacement of the scattering
center coordinate in the presence of an external disturbance:

I

lmax

ALn,t = ALmax '

'D(t)/ 0 S Z S lmax (8)

where ALnax is the amplitude of the disturbance (in terms of scattering center displacement),
Imax = 20 m is the length of the fiber being tested, and D(f) is the normalized shape of
the disturbance applied to the fiber sensor. Here, we assumed that the sensing fiber is
wound on a piezoelectric transducer (PZT), as it is a realistic and simplest case of signal
emulation [21].
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The given distributions and dependencies allowed us to numerically simulate a noisy signal,
including the wavelength instability of the laser source. The second main part of the noise is
either the noise of the photodetector or the noise of the preamplifier. The noise of the preamplifier
is of the greatest interest since a pEDFA is used in most ¢-OTDR schemes. For pEDFA noise
calculation, the power of the scattered radiation in a 20 m coil of PZT can be calculated as follows.
The laser input power is taken as Py, = 10 dBm. Taking into account the losses of connectors and
the system components (such as the circulator), and using dBm and dB values, we can obtain

Pout = PsigJFG )

Psig:Pin+T]+Katt+7’ (10)

where r = r; + 10log(7) is a Rayleigh scattering coefficient, 7 is a pulse width (FWHM),
7 = —4 dB is the loss of components, and Kuit = —2aL ~ 0 is the attenuation in L =20 m
of fiber with an attenuation coefficient of « = 0.2 dB/km. For standard single-mode fiber,
r1 = —80 dB is the part of radiation scattered by a pulse with a width T = 1 ns. For a
spatial resolution of [y = 20 m, the corresponding pulse width is 7 = 200 ns, so r = —57 dB.
Preamplifier gain for a low-power signal is about G = 47 dB. In such conditions, we obtain
a scattered power of Pgjg = 7.9 nW, which is amplified by the pEDFA to Pout = 0.4 mW.

The noise of the preamplifier can be divided into spontaneous-spontaneous and
signal-spontaneous [22]. The dispersion (variance) of the beat noise of the signal with
spontaneous emission in the optical preamplifier is

Os—sp” = 2G*Pyig NFhvAf = 5.64-1077 W? (11)

18
where G = 50,000 (47 dB) is the preamplifier gain coefficient, NF = 4 is the preamplifier noise
figure, h = 6.626-10734 J-s is the Planck constant, v = 193.4 THz is the radiation frequency
(A =1550.12 nm), and Af = 200 MHz is the photodetector bandwidth.

The beating noise of spontaneous with spontaneous radiation in the preamplifier is

Ospsp? = (NF-h-v-G)*2-Af (Av — 0.5-Af) = 3.27-107 10 W? (12)

where Av = 1 GHz is the optical filter bandwidth, which determines the quantity of passed
spontaneous emission noise. Using such parameter values, and in particular an ASE noise
optical filter as narrow as 1 GHz (AA = 8 pm), we see that the spontaneous—-spontaneous
noise is negligible (<1/10) with respect to signal-spontaneous noise.

The signal intensity after the pEDFA can be described as follows:

Ig(t) = G-I(t) + Nina (13)
where Njpg = Jsz—sp + (Tszp—sp = (Tszfsp is the total preamplifier noise.

2.3. Principles of the Signal-Formation Process in a Distributed Fiber-Optic Microphone Based on
@-OTDR with wFBGs

The Rayleigh backscatter signal generated by natural refractive index inhomogeneities
in a common sensing fiber has a naturally low intensity, which results in a low signal-to-
noise ratio in the output of a microphone based on a -OTDR. To increase the scattering
level [23,24], which improves the quality of speech recognition, a fiber with wFBGs can be
used [25]. The back-reflected signal power fraction arriving at the PD for a wFBG with a
reflection coefficient of 0.1% is 10~3, while for Rayleigh scattering in a common fiber, the
power fraction is 107°, 3 orders of magnitude weaker.

In the case when a microphone is based on Rayleigh scattering from refraction index
inhomogeneities, the output signal is an interference of the backscattered lightwaves within
the half-width of a pulse. A phase change of each wave due to a scattering inhomogeneity
displacement makes a nonlinear contribution to the final interference signal changes. When
a section of the fiber is stretched, the change in the interference signal is determined both by
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the amplitude of the disturbance and a phase, depending on the distance to the scattering
center within the section. As a result, an interference signal from all the scattering centers
does not simply change sinusoidally but rather according to a complex harmonic law.
When there are specially applied artificial reflectors, such as wFBGs, in the fiber, the signal
is an interference of only two waves reflected from neighboring wFBGs, taking into account
a phase difference in these two waves. When an acoustic disturbance affects a section of
the sensing fiber located between two wFBGs and stretches at the length Al, the phase
difference of the waves reflected from the first and second gratings changes by the value
of Ag = nAl-2rt/A, and the signal is mathematically expressed as a sum of two waves,
according to (14). Thus, each pair of wFBGs in the fiber forms a sensitive section, which is
similar to polling a section of a ¢-OTDR with phase recovery.

I =1+ Ih+2yI1hcos((¢2 + Ap) — @1) (14)

where [ ; is the intensity of the lightwave reflected from the first and the second grating,
respectively, and ¢ 7 is the phase of the lightwave reflected from the first and the second
grating, respectively.

2.4. Numerical Modeling of the Signal in a Distributed Fiber-Optic Microphone Based on ¢-OTDR

To verify the possibility of operating the -OTDR as a distributed microphone, nu-
merical modeling was carried out according to the developed mathematical model. In
order to conduct correct, repeatable, and representative studies, it is important to choose
an adequate type of disturbance affecting the sensor. The modulation of the influencing
signal by a sound wave of human speech containing Harvard sentences [26] was chosen
as the test signal (disturbance). These sentences are phonetically balanced standardized
phrases developed in 1965 to assess the transmission quality of speech signals over a com-
munication line. Ten Harvard sentences were selected, so the following sequence presented
in Listing 1, with a total duration of about 40 s and containing 80 words (M = 386), was
used as a speech disturbance.

Listing 1. Harvard sentences used for speech recognition.

The birch canoe slid on the smooth planks.
Glue the sheet to the dark blue background.
It’s easy to tell the depth of a well.

These days a chicken leg is a rare dish.

Rice is often served in round bowls.

The juice of lemons makes fine punch.

The box was thrown beside the parked truck.
The hogs were fed chopped corn and garbage.
Four hours of steady work faced us.

Large size in stockings is hard to sell.

® N UL

= O
S

Using the normalized shape of disturbance, D(t), coming from a recording of Harvard
sentences as an acoustic speech disturbance acting on the sensing fiber of the ¢-OTDR
microphone, we obtained an output interference signal depending on various initial condi-
tions while considering the system noises. Further, the received interference signal was
processed according to the developed methodology presented in Section 2.3. The process
of signal generation and obtaining a recognition-ready implementation is shown in the
following figures. Figure 3a shows an interference signal in the form of intensity changes
over time, simulated based on the developed model with a broad acoustic signal band
of 40 kHz. Figure 3b shows the same signal after filtering with a bandpass filter in the
frequency range from 500 Hz to 4 kHz to ensure effective audio filtering without losing
useful information. The choice of the filtration frequency band will be further justified in
Section 2.3. Figure 3c shows the spectrum of the simulated time-dependent interference
signal before and after filtering, and Figure 3d shows the spectrogram of the filtered signal.
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Figure 3. (a) Interference signal before preprocessing; (b) signal after preprocessing; (c) spectrum of
simulated interference signal before (blue trace) and after (red trace) filtering; (d) the spectrogram of
the speech signal after preprocessing.

2.5. Speech-Recognition Technique in a Distributed Fiber-Optic Microphone Based on a
Phase-Sensitive Optical Reflectometer

A distributed fiber-optic microphone is a device designed to register speech distur-
bances along the sensor fiber and recognize them, which distinguishes it from similar
systems. To recognize words in the ¢-OTDR signal, a speech recognition technique that
includes a pre-processing algorithm and subsequent recognition is necessary [27].

For speech recognition, a novel processing and recognition technique has been developed
for this work, which includes the following steps. Firstly, the source signal is filtered in the
frequency range from 500 Hz to 4 kHz. This frequency band was chosen because the main
contribution to the noise level is at frequencies below 500 Hz [13], while a negligible part of the
sense-valuable speech signal is in a frequency range beneath 500 Hz. Conversely, frequencies
above 4 kHz practically do not contribute to speech intelligibility [17], so we filter them out as
well. After filtration, edge effects occur in the signal, which leads to an unnatural power increase
within the time regions of [0. . .0.1Tmeas] and [0.9T meas. - - T'meas]- Thus, secondarily, to avoid the
edge effects of the filter, the filtered signal amplitude is normalized in the range from —1 to 1
and is multiplied by an empirically selected coefficient in a time region of [0.1Tmeas. . .0.9Tmeas]-
Then, the received signal is converted to WAV format with the same sampling frequency as the
original signal and recognized by both open speech-recognition services and neural networks.
The block diagram of the algorithm is shown in Figure 4.
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For speech recognition in the recorded audio WAV file, various recognition algorithms
can be applied. For this purpose, we used five speech-recognition services, namely, “Yandex
Translator” version 53.2, “Speechpad” version 9.9, “Google Documents” release 05/01/22,
“Yandex SpeechKit” release 20/07 /23, and the neural network “Whisper” version 2 [28].
These services accept the recorded WAV file and recognize words in this speech. The
recognized speech can then be played and listened to by a user or used in the system to
make decisions based on keywords. In our study, we compared recognized speech with
original sentences in Listing 1 to provide a recognition quality assessment of the system.

Correctly
recognized
words
percentage

Levenshtein
distance

Speech
recognition

Figure 4. Block diagram of the algorithm used for processing the ¢-OTDR setup signals.

Speech recognition quality is the main system characteristic of a distributed fiber-optic
microphone based on an @-OTDR. Therefore, it is important to evaluate this parameter
objectively and quantitatively. We want to introduce and propose a new criterion for
quantifying this parameter.

The most common quality estimation parameter is a signal-to-noise ratio, as shown
in [11]. This criterion considers the overall ratio of signal power and noise over the entire
signal duration. However, when low- and high-intensity signal segments appear one by
one due to laser wavelength fluctuations, this estimation can become very unclear.

Since one is evaluating the speech signals as a sequence of a fixed number of words,
it is appropriate to evaluate the quality by the percentage of correctly recognized words.
This approach can be used to compare the sequence of words from each sentence obtained
as a result of recognition with the original sentence. This is similar to the Bit Error Rate
(BER) measurement and quality assessment parameters in telecommunication systems.
The analysis of the correctly recognized word percentage shows us the degree of the
transmitted text’s meaning preservation. For example, an error in just one letter (the
word “blue” was obtained as a result of recognition instead of the word “glue”), which is
likely to happen practically, can lead to a complete distortion of the semantic context of
speech. However, such an assessment may be unnecessarily strict since, with this approach,
replacing the word “glue” with any other, even absolutely unlike, e.g., “bloom,” introduces
the same error as the word “blue.” Since the recognition algorithm can make mistakes when
distinguishing between close phonemes and texts, in order to increase the informative
value of the assessment and avoid its coarsening, it is also necessary to use a metric that
allows quantifying the difference between two texts, character by character. It is advisable
to achieve this by comparing each recognized sentence with the original.

In our work, we also propose to use the Levenshtein distance [29] metric, which allows
for the quantification of the difference between two sequences of characters. A sentence can
be considered a sequence of characters, so when all the characters are registered correctly,
the meaning of the sentence is complete. When there is no difference between any characters
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in the recognized sentence compared with the initial one, the Levenshtein distance is 0,
which is the desired result. Therefore, in the worst speech recognition case, when the
sentence is not recognized at all or is fully wrongly recognized, the Levenshtein distance
value is equal to M, where M is the number of characters in the sentence.

The Levenshtein distance metric was chosen becausee, unlike the Damerau-Levenstein
distance [30], it does not consider the transposition of letters [31], which is a typical error
when typing on the keyboard but not characteristic of speech and misunderstanding. The
Levenshtein distance was chosen because other well-known metrics for evaluating the
similarity of two strings are not suitable for the specific case of comparing recognized
speech with a known reference phrase. For example, the Hamming distance [32] is not
suitable since this algorithm works only with the same length of two strings, which, e.g.,
in the case of skipping one word, makes it impossible to assess the quality of recognition.
When using the Jaro-Winkler distance [33,34], it is difficult to assess the similarity of
two strings since the operations of deleting, inserting, and replacing characters are not
considered. Also, it is difficult to find out how well the speech was recognized and how
close the recognized sentence was to the reference one, which leads to a rougher estimate.

Thus, in our research, two approaches were chosen to assess the quality of speech
recognition: the percentage of correctly recognized words, as the most intuitively obvious
estimation, and the Levenshtein distance metric, as the most accurate and correct. These
metrics allow an objective analysis of the speech recognition quality using a fiber-optic
microphone based on an ¢-OTDR.

3. Experiment
3.1. Description of Experimental Setups

To study the quality of speech recognition with a phase-sensitive reflectometer, a
dedicated setup, shown in Figure 5, was created. Experimental studies of how the setup
design parameters influence the quality of speech registration and recognition were carried
out. The radiation of a continuous laser source is amplified by an amplifier A, if necessary. It
goes to a circulator (C) that sends it along the path 1-2 to the sensing fiber with a length Lg,
which can be formed differently. The far end of the sensing fiber is wound in several
turns with a short radius of 4 mm, which is less than the minimum allowable for properly
confined radiation guidance in our standard SM fiber. So, the laser radiation fades in
such wound fiber turnings, and no intensity reflects from the far end of the sensor, which
ensures the setup operates as a single section of the reflectometer. The different waves
backscattered by the fiber refractive index inhomogeneities interfere with one another, and
the interference signal travels to the optical preamplifier pEDFA through the circulator
ports 2-3. Then, the optical filter F cuts off spontaneous emission pEDFA noise, and the
photodetector PD detects the interference signal. The signal from the photodetector PD is
sent to the ADC. The ADC sampling frequency fp can be varied if necessary. The signal is
converted into digital form and then travels to a PC, on the screen of which one can see the
interference signal in the form of a time-dependent intensity that changes when the fiber is
affected by acoustic disturbances and speech. The setup represents a single “point” of a
fiber line of a phase-sensitive reflectometer, i.e., it operates as a single fiber section within
the spatial resolution determined by the pulse width according to the formula Iy = tc/2n,
where n = 1.5 is the refractive index of the fiber. With a sensing fiber length of 20 m in the
setup, we experimentally imitate data acquisition from one section of the phase-sensitive
reflectometer with a probing pulse of duration T = 200 ns (FWHM). At the output of the
setup, one time sequence is recorded, which corresponds to a single cross-section of the
waterfall reflectogram from one coordinate of the reflectometer line. Then, all further
processing and recognition algorithms are applied to this time sequence.
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Figure 5. Generalized experimental setup.

Variation in a wide range of such reflectometer main parameters (such as the pulse
repetition rate) is required in experiments to investigate the quality of speech recognition
in different conditions. In a commercially available ¢-OTDR, it is not feasible to quickly
vary its parameters, which may require too much labor. To solve this problem, the special
setup model of -OTDR single coordinate was developed. It does not require modulation
of the radiation source intensity and allows using a lower-frequency ADC compared with a
typical @-OTDR. Thus, it becomes possible to quickly and easily vary the main parameters
of a distributed microphone based on ¢-OTDR by simply changing the parameters of
the setup. The equivalent of the pulse width is changed by changing the length of the
linear sensing fiber section. The equivalent of the pulse repetition rate is changed by a
variation in the ADC sampling frequency. The signal-to-noise ratio at the output of the
system can be varied by changing the configuration of the optical amplification circuit, i.e.,
by changing the parameters of the booster (A) and the preamplifier (pEDFA) combination,
or by adding a variable attenuation to the optical signal. All the setup parameters and their
correspondence to the ¢-OTDR in the form of a ready-made device are given in Table 1.

Table 1. Correspondence of the setup parameters to the distributed microphone based on ¢-OTDR
in the form of ready-made device parameters.

Parameters of an @-OTDR to Be Investigated = Parameters of the Experimental Setup to Be Changed

Resolution, I Length of the sensing fiber, Lg
Pulse repetition rate, frep ADC sampling frequency, fp
Signal-to-noise ratio at the photodetecor Booster or preamplifier gain + attenuation

In practice, the distributed microphone system must be able to register acoustic distur-
bances with quite different sound volumes. Many reasons may lead to a decrease in acoustic
disturbance intensity, such as changes in distance from the source of an acoustic wave to
the sensing fiber, changes in speech volume, and obstacles shielding sound propagation to
the sensing fiber. Therefore, it is necessary to study the quality of speech recognition when
fiber is perturbed by acoustic waves with different sound volumes. Various sensing fiber
configurations were investigated as well. Thus, experimental studies were carried out in
several stages:

1. A cylindrical PZT was used as a sensing element with a sensing fiber wound on it. The
PZT was a hollow cylinder with an outer diameter of D = 85 mm, an inner diameter of d = 75 mm,
and a height of H = 30 mm, with the length of the wound sensing fiber Lg = 20 m. The sensing
fiber was influenced by the PZT vibrations, which occurred because of changes in the electrical
signal applied to the PZT, which had a —3 dB bandwidth of Afmax = 16 kHz. The amplitude of
the electrical signal applied to the PZT changed over time, according to an audio-recording of the
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Harvard sentences, so the sensing fiber wound on the PZT was stretched due to the PZT vibrations
(an “active” PZT). A scheme and a photo of the experimental setup are shown in Figure 6a,b.
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Figure 6. Experimental setup for the quality of speech recognition depending on the sampling frequency
for hollow PZT cylinder with sensing fiber and coil sensing fiber configurations: (a) components and their
interconnection in the experimental setup; (b) photo of the experimental setup.

At this stage of experiments, we verified the emulated results of the signal forming in a
fiber-optical microphone based on a ¢-OTDR. Acoustic disturbance applied to the fiber by
the PZT is an idealized case when a realization of the sentences is clearly converted to fiber
vibrations. Thus, it helped us conduct the first tests on how the ADC sampling frequency
influences the quality of speech registration and recognition via the fiber-optical microphone.

2. A sensing fiber with a length of Lg = 20 m was wound into a passive coil with
a diameter of 85 mm. Speakers playing recordings of Harvard sentences influenced the
sensing fiber coil.

Thus, this stage of experiments allowed us to conduct trials reproducing real conditions.
Such a design of the sensing fiber allows us to maintain a high system sensitivity [35], since
the speakers affect all of the fiber length. A scheme and a photo of the experimental setup are
shown in Figure 6a,b. The same PZT, as in stage 1, was used as a coil, but the voltage was not
applied to the PZT. The speakers playing the Harvard sentences audio recording were placed
next to the “passive” PZT (without feeding any electrical signal to it).

3. A straight sensing fiber with a length of Ls = 2.5 m was used, influenced by speakers
playing recordings of Harvard sentences. The experimental setup scheme is shown in
Figure 7a. This stage of experiments included several steps:
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Figure 7. An experimental setup for experimental studies of the quality of speech recognition de-
pending on the sampling frequency for the sensing fiber placed simply on a table: (a) an experimental
setup circuit, (b) the use of a metal plate to increase the sensitivity of the system.

3.1. The fiber was placed simply on a table, without any auxiliary elements, to improve
sound transmission to the optical fiber.

3.2. The fiber was glued to a metal plate with dimensions of 80 x 50 x 0.2 mm?, as
proposed in [12,36] and shown in Figure 7b. The metal plate was meant to increase the
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sensitivity of the system. It was mounted on legs so it could oscillate under the influence of
an acoustic wave at the output of the speakers, transmitting vibrations to the optical fiber.

3.3. The fiber was wound on an elastic core made of a plastic bottle, as proposed
in [37], with a diameter of 140 mm. The bottle, as well as the metal plate in the previous
experiment 3.2, made it possible to increase the amplitude of vibration transmission to the
fiber. In this experiment, three regimes were studied: firstly, the original appearance of the
bottle was kept, i.e., a bottle with a bottom, and speakers acted on it (Figure 8a); secondly,
we cut off the bottom of the bottle, thus forming a horn, and the sidepiece was influenced
by speakers (Figure 8b); and thirdly, the speakers were placed near the removed bottom
and influenced the bottle from inside (Figure 8c). By changing the volume of the sound
produced by the speakers, we investigated the behavior of such a system with different
sound levels and various parameters.

Figure 8. An experimental setup for studies of the quality of speech recognition depending on the
sampling frequency using a sensing fiber with a length of 2.5 m wound around an elastic horn-like
core, influenced by speakers with a sound volume of 72 dB(C): (a) with the bottle bottom influenced
by the speakers; (b) with the bottle sidepiece influenced by the speakers; (c) with the horn-like bottle
without a bottom influenced by speakers from inside.

4. A linear sensing fiber with a length of L = 2.5 m was used with a pair of wFBGs
spaced by 1 m, as shown in Figure 9. Disturbance was applied in the middle of the
fiber between the two wFBGs by speakers playing recordings of Harvard sentences. This
configuration of the sensing fiber increases the intensity of the backscattered lightwaves,
which increases the signal-to-noise ratio at the photodetector.
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Figure 9. An experimental setup circuit for experimental studies of the quality of speech recognition
depending on the sampling frequency for the sensing fiber with a pair of wFBGs.

Since the length of the sensing fiber in all experiments was short (less than 1 km), there
was no need to amplify the laser radiation with a booster. The pEDFA amplification varied
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depending on the configuration of the sensing fiber, as, in some cases, the intensity of the
backscattered signal is sufficient to not need an optical preamplifier, but in other cases, it is
not. Thus, we assembled two setups with or without a preamplifier and a filter to compare
the results.

The parameters of the setup in different experiments are given in Table 2.

Table 2. Experimental setup parameter summary.

pEDFA Output

No. Sensing Fiber Configuration Disturbance Type Power, dBm

A hollow PZT cylinder with an
outer diameter of D = 85 mm, an
1 inner diameter of d = 75 mm, and a
height of H = 30 mm, with
Ls = 20 m of fiber wound on it

A fiber with length of L =20 m,
2 wound into a coil
with a diameter of 85 mm

A fiber with length of Lg =2.5m
3.1 placed simply on a table

A fiber with length of Lg =2.5m
3.2 glued to a metal plate with Recording of Harvard sentences

dimensions of 80 x 50 x 0.2 mm3 played by speakers

A fiber with length of L=2.5m
3.3 wound on a plastic bottle with a
diameter of 140 mm

A fiber with length Lg = 2.5 m with
4 a pair of wFBGs spaced
by 1m

An electrical signal on the PZT
with an amplitude varying
according to the Harvard
sentences recording

Recording of Harvard sentences
played by speakers

Recording of Harvard sentences

played by speakers -15

The most important parameter to consider when designing a real system is the pulse
repetition rate, because it defines the requirements for the ADC parameters, the latter of
which is an expensive component of the system. However, most important is that the
ADC sampling frequency fp physically limits the maximum sensing fiber length Ls. The
pulse repetition rate, in fact, is related to a maximum sensing fiber length as follows:

c
— 1
frep 2nlg (15)

where 7 is the fiber effective refractive index, and c is light speed in a vacuum.

Table 3 shows how the maximum sensing fiber length relates to the pulse repetition
rate of a -OTDR (the ADC sampling frequency of the experimental setup). Each section
of a sensing fiber within a resolution length is equivalent to a one-point microphone placed
with a resolution of [y = 20 m. Thus, the equivalent number of one-point microphones in
relation to the pulse repetition rate is shown in Table 3 as well.

Table 3. The main ¢-OTDR’s parameters relation to the pulse repetition rate.

- Maximum Sensing Fiber Equivalent Number of
Pulse Repetition Rate, frep, kHz Length, Lg, km One-Point Microphones
1 100 5000
5 20 1000
10 10 500
40 25 125

A sensing fiber length of less than 10 km, such as Lg = 2.5 km, is sufficient for smart
home technology implementations like the single fiber for multiple apartment concept
and for other local applications in small areas and at short distances. This will help with
the development of advanced devices. However, when it is necessary to cover larger
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distances for some applications, such as integration in a fiber communication line using a
comprehensive remote monitoring system [38] or distributed monitoring of roads [39] in
smart city infrastructure with the function of speech recognition, a sensor length Lg of tens
of kilometers must be ensured. At the moment, long-distance DAS are most in demand.
Therefore, the issue of ensuring high recognition quality at sampling frequencies of less
than 10 kHz remains quite important, and this problem can be solved by increasing the
system sensitivity [37].

Other @-OTDR parameter variations, such as adjusting the optical amplification
required in practice, can be easily achieved by changing the pEDFA gain. The pulse
duration can be changed easily as well by simply adjusting AOM parameters. Therefore,
we paid the most attention to how the ADC sampling frequency in our setup influences the
quality of speech recognition.

In each experiment, the dependence of the quality of speech recognition on the ADC
sampling frequency was studied using five speech-recognition services. Each service was
used for speech recognition with different sampling frequencies of 3, 5, 10, 20, and 40 kHz.
For each sampling frequency, the percentage of words correctly recognized was calculated,
thus making possible the intercomparison of these services by quality numbers. This
procedure allowed us to choose the services that recognize speech best. For the recognition
services chosen, the quality of speech recording with our microphone and speech recog-
nition were more precisely studied. As a result, curves of the percentage of recognized
words and the Levenshtein distance with dependence on the ADC sampling frequency
were obtained, which are equivalent to the dependence on the pulse repetition rate in a
@-OTDR. After analyzing the obtained dependencies, the most effective sampling frequen-
cies were selected to study the influence of other system parameters on the recognition
quality. For example, when the fiber was affected by the sound from the speakers, a study
of the recognition quality dependence on the sound volume measured near the sensing
fiber was conducted.

The analysis of signal spectrograms is also informative. It allows us to evaluate the
frequency composition of the signals received and thus determine why the particular
configurations of sensing fiber provide good or bad speech recognition in a distributed fiber
microphone based on @-OTDR. Figure 10a,b shows the spectrum and a spectrogram of the
audio recording applied to the sensing fiber in experiments. The spectrum (Figure 10a) is
calculated as the FFT from the original audio recording, where the 10 Harvard sentences
from Listing 1 follow one another with 1 s spacing. As one can see, the spectrum shows
which spectral components have ever existed in the realization, but the moments of their
presence are unknown. This is a drawback of estimating the spectral composition using
the spectrum and why the spectrogram (Figure 10b) is needed to properly conduct a
comparative analysis of the obtained spectral composition with an initial one. The original
audio recording was obtained with a sampling frequency of 44 kHz, while the spectrogram
is presented in the frequency range up to 5 kHz for better visualization since spectral
components with frequencies above 5 kHz have a low magnitude and do not make a
significant contribution to the spectrum but rather increase the noise. The spectrogram
shows the frequency composition as a function of time for each sentence. The sentences
can be easily distinguished, as there are 10 regions in the 3D plot, separated in time by
dark-blue silence regions (of 1 s duration) with a magnitude of less than —10 dB (“silence”).
Subsequently, we compared all the newly obtained and reconstructed spectrograms with
this original 3D plot. The experimental results obtained in different experiments and a
discussion are given further.
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Figure 10. Spectral characteristics of the original audio recording: (a) Spectrum; (b) Spectrogram.

3.2. Results of Experimental Studies of Quality of Speech Recognition with Different Services for
Different Sensing Fiber Configurations

Tables 4 and 5 show how the percentage of correctly recognized words depends on
some ADC sampling frequencies in a distributed fiber-optic microphone based on ¢-OTDR
with a sensing fiber wound around a hollow PZT cylinder and a coil sensing fiber. The
time sequences in the setup’s output, shown in Figure 6, were gathered and recognized
with the five services in both cases.

Table 4. The quality of speech recognition with five algorithms for a setup using the “active” PZT
with a sensing fiber.

% of Recognized Words

Sampling Yand Gooel Yand
Frequency, kHz andex oogle andex .

1 Y Translate Speechpad Documents SpeechKit Whisper NN
3 0.0 0.0 0.0 0.0 28.1
5 2.5 1.3 0.0 48.1 70.8
10 2.5 3.8 3.8 63.3 65.2
20 29.1 51 5.1 722 78.7
40 48.1 36.7 54.4 78.5 79.8

Table 5. The quality of speech recognition with five algorithms for a setup using coiled sensing fiber
on a passive PZT cylinder influenced by speakers.

% of Recognized Words

Sampling Yand Goosd Yand
Frequency, kHz andex oogle andex .

a Y Translate Speechpad Documents SpeechKit Whisper NN
3 0.0 0.0 0.0 0.0 0.0
5 0.0 0.0 0.0 3.4 5.6
10 0.0 1.1 0.0 50.6 47.2
20 2.2 0.0 0.0 44.9 64.0
40 22 0.0 1.1 404 70.8

Table 6 shows the results of speech recognition using Yandex SpeechKit (YS) and
Whisper NN for sampling frequencies of 20 kHz and 40 kHz and different sound volumes
of the acoustic wave from the speakers acting on the fiber coil. The sound volume was
measured by a smartphone with a sound meter app near the coil perpendicular to the
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speakers. We selected three values of sound volume for the PC-controlled audio recording,
which are given in Table 6. The sound volumes in the experiments, which ranged from 70
to 92 dB(C), are quite high and lie within the range of loud conversations.

Table 6. Quality of speech recognition by Yandex SpeechKit and Whisper NN for sampling frequencies of
20 kHz and 40 kHz and different sound volumes of the acoustic wave perturbing the coiled sensing fiber.

% of Recognized Words

Sound Volume, dB(C) YS Whisper NN
20 kHz 40 kHz 20 kHz 40 kHz
72 dB(C) average 0.0 0.0 0.0 0.0
80 dB(C) average 25 5.0 35.0 40.0
92 dB(C) average 26.3 47.5 61.3 71.3

In Table 7, the experimental results of speech recognition depending on the ADC
sampling frequency are given for a straight sensing fiber in two cases: when the fiber
is placed simply on a table (stage 3.1) and when the fiber section with a 0.8 m length is
glued to a metal plate (stage 3.2). We used Yandex SpeechKit and Whisper NN for speech
recognition of gathered signals, as in previous experiments. The average sound volume
measured near the sensing fiber was 89 dB(C). Studies at lower volume levels have also
been conducted, but in these cases, the quality of speech recognition was reduced greatly,
similar to experiments with a coiled sensing fiber, and these results are uninformative.

Table 7. Quality of speech recognition with different services when a sensing fiber was placed simply
on the table and when a sensing fiber was glued to a metal plate.

% of Recognized Words

Sampling A Sensing Fiber on the Table A Sensing Fiber Glued to a Metal Plate
Frequency, kHz
YS Whisper NN YS Whisper NN
3 0.0 0.0 10.1 0.0
5 22 15.0 2.2 21.3
10 21.3 48.8 11.2 21.3
20 225 56.3 37.1 325
40 325 75.0 47.2 66.3

Table 8 shows the results of speech recognition in signals gathered with an ADC sam-
pling frequency of 40 kHz while varying the volumes of the Harvard sentences audio
record produced by the speakers and using a sensing fiber wound around an elastic core.
The sound volumes given in Table 8 were measured at the output of the speakers installed
near the bottle.

Table 8. Quality of speech recognition with different services when a sensing fiber was wound at an
elastic horn-like core for a sampling frequency of 40 kHz.

% of Recognized Words
Sound Volume, 1y, Bottle Bottom  The Bottle Sidepiece  The Bottle without a Bottom

dB(O)
YS Whisper YS Whisper YS Whisper
92 dB(C) 10.0 11.3 0 0 0 0
80 dB(C) 6.3 13.8 6.3 12.5 0 0
72 dB(C) 3.8 11.0 5.0 11.3 16.3 36.3
65 dB(C) 0 0 0 0 0 0

For the fiber microphone based on a ¢-OTDR with wFBGs, the quality of speech signal
recognition was investigated for a sound volume of 108 dB(C). Tables 9 and 10 show the
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results for Yandex SpeechKit and Whisper NN, since other algorithms did not recognize
speech with adequate quality when a sensing fiber with a pair of wFBGs was used.

Table 9. Five algorithms’ percentage of speech recognized for a setup using a sensing fiber with a

pair of wFBGs.
% of Recognized Words
Sampling .
Frequency, kHz YS Whisper NN
No Amplification Amplified No Amplification Amplified
3 3.7 6.3 0 5.0
5 22.7 67.5 7.7 22.5
10 62.0 85.0 70.8 86.3
20 59.4 86.3 82.2 93.8
40 81.0 93.8 79.7 96.3

Table 10. Levenshtein distance of speech recognition for five algorithms in a setup using a sensing
fiber with a pair of wFBGs.

Levenshtein Distance

Sampling

Yandex SpeechKit Whisper NN
Frequency, kHz
No Amplification Amplified No Amplification Amplified
3 368 376 286 350
5 286 318 133 226
10 105 85 55 47
20 133 47 48 22
40 44 60 26 15

Figure 11 shows spectrograms of signals gathered with a sampling frequency of 40 kHz
for different types of disturbance and sensing fiber configurations.

The spectrograms are built using a sliding Hanning window with a length of
Hgp = 2000 samples. Each spectrogram is marked with the Levenshtein distance value
calculated after speech recognition of the corresponding signal.

As shown in Tables 4 and 5, the best recognition quality is provided by Yandex
SpeechKit and Whisper NN when the ADC sampling frequency is 40 kHz. Other recogni-
tion services (Yandex Translate, Speechpad, and Google Documents) do not provide good
speech recognition, so the percentage of correctly recognized words is zero or very low for
a sensing fiber wound around both “active” and “passive” PZT. At sampling frequencies of
3 and 5 kHz, low recognition quality for all five services is caused by bad speech recording
with the microphone because it cuts off high frequencies via low fp. Meanwhile, at high
frequencies from 10 to 40 kHz, Yandex SpeechKit and Whisper NN give better results, by
50% to 70%, compared with Yandex Translate, Speechpad, and Google Documents, which
might be caused by the better-developed recognition algorithms of these services. In the
spectrogram of a signal gathered with “active” PZT disturbance and a sampling frequency
of 40 kHz, the sentences can be clearly distinguished from each other, and the spectrogram
in Figure 11a is quite similar to the initial one in Figure 10b.

For the coiled sensing fiber, the most intense acoustic signal with a volume of 92 dB(C)
is recognized best, as shown in Table 6. As expected, the lower the intensity of the acoustic
disturbance, the lower the percentage of correctly recognized words. When decreasing the
sound volume from 92 dB(C) to 80 dB(C), the percentage of correctly recognized words drops
by half using Whisper NN. When the volume is at the typical conversation level, i.e., 50 dB(C),
speech cannot be recognized. The spectrogram for the coiled sensing fiber is more noisy. It has
high-power components (up to 50 dB in magnitude, shown in Figure 11b in yellow) in a wide
frequency range above 5 kHz, unlike the original one, so it is difficult to distinguish the wanted
frequencies from high background noise. We assume this is due to the much higher sensitivity
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of the 20 m fiber coil, which has approximately 75 turns with a winding diameter of 85 mm.
However, to confirm this, it is necessary to exclude the possibility of signal wrapping at a high
sound volume, which may also cause high noise in a spectrum.
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Figure 11. Spectrograms of signals obtained with a sampling frequency of 40 kHz: (a) a PZT-actuated
disturbance; (b) a coiled sensing fiber, with a volume of 92 dB(C); (c) a sensing fiber placed simply on
the table, with a volume of 89 dB(C); (d) a sensing fiber section 0.8 m long glued to a metal plate, with a
volume of 89 dB(C); (e) a bottle bottom influenced by the speakers, with a volume of 72 dB(C); (f) a bottle
sidepiece influenced by the speakers, with a volume of 72 dB(C); (g) a horn-like bottle without a bottom
influenced by the speakers from inside, with a volume of 72 dB(C); (h) a sensing fiber with wFBGs 1 m
apart with a preamplifier, influenced by speakers, with a volume of 108 dB(C); (i) a sensing fiber with
wFBGs 1 m part without a preamplifier, influenced by speakers, with a volume of 108 dB(C).

Table 7 shows that, for a pulse repetition rate above 10 kHz, high-quality speech
recognition of up to 75% can be achieved, even with a sensing fiber placed simply on the
table. The spectrogram in Figure 11c shows that the 10 sentences can be distinguished from
each other (in the frequency range of 0.5-2 kHz, there are regions of higher magnitude), but
it is very noisy. However, the frequency of 10 kHz is quite high and limits the parameters
of a ¢-OTDR, according to Table 3, and thus Lgmax = 10 km. For a sampling frequency
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lower than 10 kHz, a metal plate should be used to ensure more efficient sound conversion
into fiber vibrations. In the case of using a metal plate at sampling frequencies higher than
10 kHz, there is a huge drawback, not typical of any other cases. In the spectrogram in
Figure 11d for 40 kHz, some dead zones appear during the 22nd and 33rd seconds (which
are displayed as dark-blue regions). During these time intervals, the fiber does not vibrate,
and the speaker’s sound is not registered. We associate such artifacts with the natural
frequencies of the plate, which leads to distortions and degrades the desired signal. Thus,
we can conclude that using a metal plate for sound transmission enhancement leads to
many limitations.

Table 8 shows that influencing the bottom of the bottle and the bottle sidepiece, unlike
other sensing fiber configurations, yields a bad recognition quality of less than 15% of
correctly recognized words, even at a high sound volume of 92 dB(C), which is caused
by the registered signal deteriorations and can be explained as follows: When the bottom
of the bottle is perturbed, it vibrates intensively, which increases both wanted acoustic
waves from the speakers and unwanted ones coming from the environment. The mix of
waves undergoes multiple reflections in an internal cavity of the bottle, which leads to
a significant background level and parasitic wave emergence. The signal-to-noise ratio
decreases because of unwanted acoustic-wave multiple amplifications. One can observe
this effect in the spectrogram shown in Figure 11e as an increase in the noise level, so it is
impossible to distinguish the sentences from each other. When the bottom and sidepiece
(Figure 11f) of the bottle are influenced, the most significant spectral components in the
spectrograms are in a frequency range of about 0.5 kHz and 1 kHz, probably due to the
natural frequencies of the bottle with a bottom. Perturbing the horn-like bottle from the
inside yields good speech recognition quality at the lowest volume level of 72 dB(C), so
in the spectrogram (Figure 11g), the sentences can be distinguished separately from each
other, the speech is transmitted without significant distortion, and the noise level is quite
low. Visually, the spectrogram is similar to the numerical simulation result based on the
developed mathematical model.

Analyzing the results of speech recognition quality using the wFBGs given in Tables 9
and 10, one can see that such a configuration of a sensing fiber yields the highest quality
of speech recognition, which is also demonstrated in the spectrograms for a sampling
frequency of 40 kHz in Figure 11h (without a preamplifier, the percentage is 96% and
the Levenshtein distance is 15) and in Figure 11i (with a preamplifier, the percentage is
almost 94% and the Levenshtein distance is 26), that are similar to the spectrogram of the
initial signal, and on each of them the boundaries between the sentences can be clearly
distinguished separately. However, in Figure 11i, unstable sensitivity regions are observed
at the beginning of sentences six and eight, which are in an increased-sensitivity region.
This may be due to random changes in the propagating light polarization state, which leads
to the polarization-induced fading (PIF) effect [40]. If a preamplifier is used, some parasitic
high-power spectrum components appear in a frequency region of 3.5 kHz, but they do
not affect the quality of speech recognition dramatically. As shown in Tables 9 and 10, the
sensing fiber with wFBGs allows word recognition even at low sampling frequencies of
5 and 10 kHz. Thus, artificial reflectors such as wFBGs in the sensing fiber yield quite a
stable signal, which is a promising result.

3.3. Quality of Speech Recognition Competitive Analysis for Different Sensing
Fiber Configurations

For Yandex SpeechKit and Whisper NN, which generally demonstrated the best
results in speech recognition quality, curves of the percentage of recognized words and the
Levenshtein distance were obtained depending on the ADC sampling frequency in a range
from 500 Hz to 40 kHz, as presented in Figure 12a—d.
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Figure 12. Dependence of speech recognition quality on ADC sampling frequency for different sensing
fiber configurations: (a) the percentage of words recognized by Yandex SpeechKit; (b) the Levenshtein
distance of the words recognized with Yandex SpeechKit; (c) the percentage of words recognized by
Whisper NN; and (d) the Levenshtein distance of the words recognized with Whisper NN.

The result of speech recognition at different frequencies in the experimental setup
using the PZT with a sensing fiber is shown in Figure 12 in blue. When the ADC sampling
frequency fp is less than 5 kHz, the quality of speech recognition decreases significantly. The
percentage of recognized words and the Levenshtein distance tend to be 0 and 386 (when
M = 386 is the number of characters in Harvard sentences Listing 1), respectively, which
means that speech is not recognized at all. With an increase in the sampling frequency and,
consequently, with an increase in the pulse repetition rate, the quality of speech recognition
improves, which is assessed by both metrics. The percentage of recognized words increases
and reaches 77.5% and 88.75% for the Yandex SpeechKit and the Whisper NN, respectively,
and the Levenshtein distance decreases to 50 when the sampling frequency reaches 40 kHz.
One can identify a certain cut-off sampling frequency, i.e., a threshold sampling frequency,
above which high-quality recognition is ensured, the percentage of recognized words is
above 70%, and the Levenshtein distance is less than 100. For the Yandex SpeechKit, the
cut-off ADC sampling frequency is 15 kHz, and for the Whisper NN, it is 5 kHz. When
the ADC sampling frequency fp is greater than 20 kHz, the recognition quality increases
insignificantly, and a kind of saturation appears. The nonlinear nature of the plot might
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be due to a random distribution of light amplitude and phase wrapping, which affects
the signal-to-noise ratio at the PD. It is interesting that for the Whisper NN, the quality of
recognition does not grow proportionally to the sampling frequency increase but instead
has a threshold nature. At sampling frequencies below 5 kHz, speech is not recognized at
all, and at a frequency of 5 kHz and higher, speech is recognized with high quality up to
70% (the Levenshtein distance of 55). The results of these experiments allow us to conclude
that the pulse repetition rate of @-OTDR significantly affects the quality of the recorded
interference signal, which determines the subsequent quality of speech recognition. Thus,
the quality of signal registration with fiber, and hence the quality of speech recognition
proportionally, depends on the pulse repetition rate of the ¢-OTDR. Below the cut-off
sampling frequency, all the words are badly transmitted because they lose information
contained in high speech frequencies. Hence, recognition services are not able to recover
words from the sounds. Further, the higher the pulse repetition rate of the ¢-OTDR, the
better the speech recognition quality. However, after reaching a limitation (typical for a
specific sensing fiber configuration), the recognition quality does not grow further when
increasing the pulse repetition rate because of the increasing noise as well as the wanted
signal at higher frequencies.

It is also important to compare experimental results when a coiled sensing fiber or a
sensing fiber with a length of 2.5 m simply placed on the table is perturbed by the speakers.
For the coiled sensing fiber, the speech recognition quality curve is shown in Figure 12 in
red. It is more rugged compared with the one obtained with PZT disturbance, which is
probably due to the peculiarities of sound wave propagation from the speakers along the
sensing fiber. However, for the Whisper NN, a cut-off recognition frequency is about 10 kHz.
At an ADC sampling frequency of 25 kHz, there is a sharp deterioration of the recognition
quality, perhaps because of some random ambient acoustic noise increasing during this
experiment. However, for higher sampling frequencies, the quality of recognition is better,
and the percentage of words recognized reaches 72.2% (the Levenshtein distance is 104). At
a sampling frequency of 40 kHz, the recognition quality decreases again. This characterizes
the microphone with a coiled sensing element as unstable over time, probably because of
its high sensitivity to both wanted (speech) and unwanted (acoustic noise) disturbances.

As per the setup with a sensing element glued to a metal plate (the curve is shown
in purple in Figure 12), for some sampling frequencies, the recognition quality also drops
sharply. However, in general, the quality of speech recognition increases with the sampling
frequency. Such a sensing fiber configuration allows speech recording and recognition at
frequencies lower than 10 kHz, better than the others, except for the sensing fiber with
wFBGs. When comparing the three dependencies obtained with the Whisper NN for a
coiled sensing fiber, a sensing fiber placed simply on the table (yellow curve), and a sensing
fiber glued to a metal plate, one can see that at a sampling frequency of about 5 kHz, the
best result is obtained with a sensing fiber glued to a metal plate. However, when the
sampling frequency is greater than 10 kHz, the quality of speech recognition using a coiled
sensing fiber becomes higher than the other two configurations. Thus, for a pulse repetition
rate of more than 10 kHz, increasing sensitivity using a metal plate becomes unsuitable
since, in this case, the result is the worst: the speech recognition quality is less than 66.3%
(the Levenshtein distance is 102).

The results demonstrate that it is fundamentally possible to recognize speech recorded
by a fiber microphone based on @-OTDR with a pulse repetition rate of frep > 10 kHz
with an accuracy of more than 50%, even when a linear sensing fiber is simply placed
on a table. If there is an issue of increasing the quality of speech recognition without
increasing the pulse repetition rate, a coiled fiber can be used, which can increase the
system’s sensitivity and, in practice, be easily implemented in the case of short-length
paths. The best recognition quality, when a real acoustic disturbance is applied to the
fiber by the speakers, is obtained when a sensing fiber with wFBGs is used. The results
obtained with a wFBG sensing fiber and those obtained when a hollow PZT cylinder with
a sensing fiber was used are interesting to compare in two spectral ranges and using two
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recognition methods. For the Whisper NN, the cut-off recognition frequency with the
PZT actuator is 5 kHz, and in a frequency range less than 10 kHz, the speech recognition
quality in a scheme with the sensing fiber wound around the PZT is the best. At the same
time, for a sensing fiber with wFBGs, the cut-off recognition frequency is 10 kHz, and
when fp =3 kHz and fp = 5 kHz, few words are recognized by the Whisper NN, so the
percentage of recognition is 30%, and the Levenshtein distance is more than 200. Thus,
when the fiber is perturbed by the speakers, wFBGs make it possible to ensure the best
recognition quality and stable operation of the fiber microphone. At a lower pulse repetition
rate, recognition quality significantly depends on the recognition algorithm. As seen in the
experimental results, it is clear that the Yandex Speechkit recognizes almost 70% of words
at fp = 5 kHz, while the Whisper NN recognizes less than 30%.

An important result is that the speech recognition quality increases with the pulse
repetition rate, which limits the spectrum that can be recorded. A low pulse repetition
rate results in a loss of high-frequency components. High frequencies in human speech
are important, as they carry meaning. They are not only used to express emotions and
intonation but also to help distinguish sounds and words in a speech, give brightness and
clarity to the voice, and improve speech intelligibility in noisy environments. Therefore,
even using effective neural network algorithms, recognition quality above 75% is ensured
only at high pulse repetition rates. However, this limits the maximum length of the sensing
fiber. Thus, it is necessary to find a compromise between the available sensing fiber length
and the desired quality of speech recognition, which depends on the task specification to
be solved. For example, when increasing the pulse repetition rate, only a shorter sensing
fiber length is possible, which allows for obtaining a higher quality of speech recognition
within the observed area. This might be preferable when it is necessary to clearly capture
all commands with an error of less than a few words, for example, for voice control systems
within a limited area of one apartment, office, etc. When one needs to increase the length of
the sensor, only a lower recognition quality can be obtained, but this allows, for example,
serving more users simultaneously without increasing equipment costs. In this case, one
can recognize only the keywords of the conversation, which, for example, will mark that at
a specific coordinate along the sensor, there is a request for some service, and subsequently,
the command can be clarified when contacting again.

4. Conclusions

In this study, a novel approach to a fiber microphone for speech recognition based
on a @-OTDR prototyping is proposed. Using the developed mathematical model of
a distributed fiber microphone based on an ¢-OTDR, a theoretical study of the system
parameters influencing the quality of speech recognition was conducted, and the main
reasons for recognition quality deterioration, such as system noise and external unwanted
influences, were determined. The proposed configurations of the sensing fiber helped in the
investigation of the quality of the recognition’s dependence on its sensitivity to speech. The
developed recognition technique, using open-source services for speech recognition and an
open neural network, enabled us to analyze the quality of speech recognition using different
algorithms and compare them. Experimental studies of the speech recognition quality for
different pulse repetition rates from 0.5 to 40 kHz and different speech sound volumes
were conducted. More than 90% of correctly recognized words in a standard phonetically
balanced phrase, in the form of Harvard sentences containing 80 words, were obtained
with a pulse repetition rate frep > 10 kHz, while with frep < 10 kHz, the percentage was no
greater than 70%, which nevertheless is also a good and technically relevant achievement.
As a result, a sensing fiber with wFBGs is the best configuration for a distributed fiber
microphone based on ¢-OTDR, ensuring effective speech recording and recognition quality
up to 96% (a Levenshtein distance of 15) at a sampling frequency of 40 kHz.

In general, the results presented demonstrate that a fiber-optic microphone based
on @-OTDR has a high potential for use in distributed speech recording and recognition
systems, but a high-precision speech-recognition algorithm should be applied. We propose
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this to be the “Whisper” NN or the “Yandex Speechkit” service. However, other researchers
and users may test other recognition algorithms, including those of their own development.
Even a simple ¢-OTDR fiber sensor, without phase recovery, ensures speech registration
and high-quality recognition with various sensor configurations. This allows us to propose
such a system for use in the smart-home or smart-city concept and other applications.
Experience from previous developments and the work demonstrated prove the technical
feasibility of implementing a distributed fiber microphone with speech recognition based
on @-OTDR. Further improvements in the recognition algorithms will allow such systems
to be taken to a new level, opening the possibility for a wide implementation of such
fiber-optical acoustic sensors with speech recognition in everyday life.

Author Contributions: Conceptualization, A.A.Z. and Y.A K.; methodology, A.A.Z., T.V.G. and
M.V.O,; software, M.V.O., A.A.Z. and T.V.G,; validation, A.A.Z. and R.LK.; formal analysis, R.I.K.
and T.V.G,; investigation, T.V.G. and M.V.O,; resources, A.B.P. and A.A.Z.; data curation, T.V.G. and
M.V.O,; writing—original draft preparation, T.V.G. and M.V.O.; writing—review and editing, A.A.Z.,
ATT,YAK, FELB, KIK. and C.S,; visualization, T.V.G. and M.V.O.; supervision, A.B.P,; project
administration, A.A.Z. All authors have read and agreed to the published version of the manuscript.

Funding: Sections 1 and 4 were carried out within the framework of the State Assignment No.
124020600009-2. Section 2 was carried out within the framework of a Russian Science Foundation
grant agreement (No. 22-79-00225, A.A.Z.). Section 3 was carried out within the framework of the
State Assignment No. FSFN-2024-0060.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design
of the study, in the collection, analysis, or interpretation of data, in the writing of the manuscript, or
in the decision to publish the results.

References

1.  Piechowiak, M.; Zwierzykowski, P.; Musznicki, B. LoORaWAN Metering Infrastructure Planning in Smart Cities. Appl. Sci. 2023,
13, 8431. [CrossRef]

2. Bousmina, A.; Selmi, M.; Ben Rhaiem, M.A_; Farah, I.R. A Hybrid Approach Based on GAN and CNN-LSTM for Aerial Activity
Recognition. Remote Sens. 2023, 15, 3626. [CrossRef]

3.  Wang, C; Wang, L.; Wei, S.; Sun, Y,; Liu, B.; Yan, L. STN-GCN: Spatial and Temporal Normalization Graph Convolutional Neural
Networks for Traffic Flow Forecasting. Electronics 2023, 12, 3158. [CrossRef]

4. Garcia, L.; Mota, S.; Titos, M.; Martinez, C.; Segura, ].C.; Benitez, C. Fiber Optic Acoustic Sensing to Understand and Affect the
Rhythm of the Cities: Proof-of-Concept to Create Data-Driven Urban Mobility Models. Remote Sens. 2023, 15, 3282. [CrossRef]

5. Latif, RM.A,; Jamil, M.; He, J.; Farhan, M. A Novel Authentication and Communication Protocol for Urban Traffic Monitoring in
VANETs Based on Cluster Management. Systems 2023, 11, 322. [CrossRef]

6. Iliev, Y.; Ilieva, G. A Framework for Smart Home System with Voice Control Using NLP Methods. Electronics 2023, 12, 116.
[CrossRef]

7. Torad, M.A.; Bouallegue, B.; Ahmed, A. M A voice controlled smart home automation system using artificial intelligent and
internet of things. Telkomnika 2022, 20, 808. [CrossRef]

8. Silva, L.C.B.; Segatto, M.E.V.; Castellani, C.E.S. Raman scattering-based distributed temperature sensors: A comprehensive
literature review over the past 37 years and towards new avenues. Opt. Fiber Technol. 2022, 74, 103091. [CrossRef]

9.  Gorshkov, B.G.; Alekseev, A.E.; Simikin, D.E.; Taranov, M.A.; Zhukov, K.M.; Potapov, V.T. A Cost-Effective Distributed Acoustic
Sensor for Engineering Geology. Sensors 2022, 22, 9482. [CrossRef]

10. Liu, K, Jin, X;; Jiang, J.; Xu, T; Ding, Z.; Huang, Y.; Sun, Z.; Xue, K; Li, S.; Liu, T. Interferometer-Based Distributed Optical Fiber
Sensors in Long-Distance Vibration Detection: A Review. IEEE Sens. |. 2022, 22, 21428. [CrossRef]

11.  Zamarreno, C.R; Martelli, C.; Daciuk, R.; Dutra, G.; Dreyer, U.J.; Cardozo Da Silva, J.C.; Matias, I.R.; Arregui, FJ. Distributed

optical fiber microphone. In Proceedings of the 2017 IEEE SENSORS, Glasgow, UK, 29 October-1 November 2017. [CrossRef]


https://doi.org/10.3390/app13148431
https://doi.org/10.3390/rs15143626
https://doi.org/10.3390/electronics12143158
https://doi.org/10.3390/rs15133282
https://doi.org/10.3390/systems11070322
https://doi.org/10.3390/electronics12010116
https://doi.org/10.12928/telkomnika.v20i4.23763
https://doi.org/10.1016/j.yofte.2022.103091
https://doi.org/10.3390/s22239482
https://doi.org/10.1109/JSEN.2022.3213036
https://doi.org/10.1109/ICSENS.2017.8234126

Sensors 2024, 24, 2281 26 of 27

12.

13.

14.
15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.
29.
30.
31.
32.
33.
34.
35.
36.
37.

38.

Wu, Y; Gan, J.; Li, Q.; Zhang, Z.; Heng, X.; Yang, Z. Distributed Fiber Voice Sensor Based on Phase-Sensitive Optical Time-Domain
Reflectometry. IEEE Photonics J. 2015, 7, 1-10. [CrossRef]

Hao, H.; Pang, Z.; Wang, G.; Wang, B. Indoor optical fiber eavesdropping approach and its avoidance. Opt. Express 2022,
30, 36774-36782. [CrossRef]

Bucaro, J.A.; Dardy, H.D.; Carome, E.F. Fiber-optic hydrophone. ]. Acoust. Soc. Am. 1977, 62, 1302-1304. [CrossRef]

Gorshkov, B.G.; Simikin, D.E.; Alekseev, A.E.; Taranov, M.A.; Zhukov, K.M.; Potapov, V.T. Brillouin-Scattering Induced Noise in
DAS: A Case Study. Sensors 2023, 23, 5402. [CrossRef] [PubMed]

Peng, F.; Wu, H.; Jia, X.-H.; Rao, Y.-J.; Wang, Z.-N.; Peng, Z.-P. Ultra-long high-sensitivity ®-OTDR for high spatial resolution
intrusion detection of pipelines. Opt. Express 2014, 22, 13804. [CrossRef] [PubMed]

Franciscangelis, C.; Margulis, W.; Kjellberg, L.; Soderquist, I.; Fruett, F. Real-time distributed fiber microphone based on
phase-OTDR. J. Opt. Soc. Am. 2016, 24, 29597-29602. [CrossRef]

Tomboza, W.; Guerrier, S.; Awwad, E.; Dorize, C. High Sensitivity Differential Phase OTDR for Acoustic Signals Detection. IEEE
Photonics Technol. Lett. 2021, 33, 645-648. [CrossRef]

Zhirnov, A.A.; Choban, T.V,; Stepanov, K.V.; Koshelev, K.I.; Chernutsky, A.O.; Pnev, A.B.; Karasik, V.E. Distributed Acoustic
Sensor Using a Double Sagnac Interferometer Based on Wavelength Division Multiplexing. Sensors 2022, 22, 2772. [CrossRef]
Gritsenko, T.V.; Dyakova, N.V.; Zhirnov, A.A.; Stepanov, K.V,; Khan, R.I; Koshelev, K.I.; Pnev, A.B.; Karasik, V.E. Study of
Sensitivity Distribution Along the Contour of a Fiber-Optic Sensor Based on a Sagnac Interferometer. Instrum. Exp. Tech. 2023,
66, 788-794. [CrossRef]

Fomiryakov, E.A.; Bengalskii, D.M.; Kharasov, D.R.; Naniy, O.E.; Nikitin, S.P.; Treshikov, V.N. Effects of laser phase noise on the
operation of coherent reflectometers when using fibers with arrays of artificial reflectors. Optoelectron. Instrum. Data Process. 2023,
59, 87-114. [CrossRef]

Desurvire, E. Erbium-Doped Fiber Amplifiers: Principle and Applications; John Wiley and Sons. Inc.: New York, NY, USA, 1994.
Zhirnov, A.A.; Khan, R.I; Koshelev, K.I.; Stepanov, K.V.; Choban, T.V.; Chernutsky, A.O.; Pnev, A.B.; Lopunov, A.L; Butov, O.V.
Setup for Acoustic Sensitivity Measurements of Fiber Optic Cables Based on Weak FBGs. In Proceedings of the 2022 International
Conference Laser Optics (ICLO), Saint Petersburg, Russian, 20-24 June 2022. [CrossRef]

Wang, F; Yu, Y.; Hong, R.; Tian, R.; Zhang, Y.; Zhang, X. The Impact of Rayleigh Scattering in UWFBG Array-Based ®-OTDR and
Its Suppression Method. Sensors 2023, 23, 5063. [CrossRef] [PubMed]

Popov, S.M.; Ryakhovskii, D.V.; Kolosovskii, A.O.; Voloshin, V.V.,; Vorob’ev, I.L.; Isaev, V.A.; Vyatkin, M.Y.; Chamorovskii,
Y.K.; Butov, O.V. Features of Fiber Bragg Grating Array Inscription for Sensing Applications. Bull. Lebedev Phys. Inst. 2023,
50, 51464-51475. [CrossRef]

McGee, V.E.; Pachl, C.P,; Voiers, W.D. IEEE Recommended Practice for Speech Quality Measurements. IEEE Trans. Audio
Electroacoust. 1969, 17, 225-246.

Turov, A.T.; Konstantinov, Y.A.; Barkov, EL.; Korobko, D.A.; Zolotovskii, .O.; Lopez-Mercado, C.A.; Fotiadi, A.A. Enhancing the
Distributed Acoustic Sensors’ (DAS) Performance by the Simple Noise Reduction Algorithms Sequential Application. Algorithms
2023, 16, 217. [CrossRef]

Radford, A.; Kim, JW.; Xu, T.; Brockman, G.; McLeavey, C.; Sutskever, I. Robust Speech Recognition via Large-Scale Weak
Supervision. arXiv 2022, arXiv:2212.04356.

Levenshtein, V. Binary codes capable of correcting deletions, insertions and reversals. Sov. Phys. Dokl. 1966, 10, 707-710, Original
in Russian in Dokl. Akad. Nauk. SSSR 1965, 163, 845-848.

Damerau, F. A technique for computer detection and correction of spelling errors Commun. ACM 1964, 7, 171-176. [CrossRef]
Navarro, G. A guided tour to approximate string matching. ACM Comput. Surv. 2001, 33, 31-88. [CrossRef]

Hamming, R.W. Error detecting and error correcting codes. Bell Syst. Tech. . 1950, 9, 147-160. [CrossRef]

Winkler, W.E. String Comparator Metrics and Enhanced Decision Rules in the Fellegi-Sunter Model of Record linkage; U.S. Bureau of the
Census: Washington, DC, USA, 1990.

Jaro, M.A. Advances in Record-Linkage Methodology as Applied to Matching the 1985 Census of Tampa, Florida. ]. Am. Stat.
Assoc. 1989, 84, 414-420. [CrossRef]

Murray, M.].; Davis, A.; Redding, B. Fiber-wrapped mandrel microphone for low-noise acoustic measurements. J. Lightwave
Technol 2008, 36, 3205-3210. [CrossRef]

Wang, Y.; Ding, K.; Xu, Y,; Ying, Q.; Zhang, J.; Liu, X,; Bai, Q.; Wang, D.; Jin, B. Optical fiber microphones based on twice envelope
demodulation algorithm. Sens. Actuators A Phys. 2019, 297, 111555. [CrossRef]

Tang, J.; Hu, M,; Jiang, G.; Zheng, X.; Peng, F. Airborne Sound Sensing System Based on DAS and Ultra-Simple Transducer
Structure. Photonics 2022, 9, 975. [CrossRef]

Zhirnov, A.A.; Chesnokov, G.Y,; Stepanov, K.V.; Gritsenko, T.V.; Khan, R.I; Koshelev, K.I; Chernutsky, A.O.; Svelto, C.; Pnev, A.B,;
Valba, O.V. Fiber-Optic Telecommunication Network Wells Monitoring by Phase-Sensitive Optical Time-Domain Reflectometer
with Disturbance Recognition. Sensors 2023, 23, 4978. [CrossRef] [PubMed]


https://doi.org/10.1109/JPHOT.2015.2499539
https://doi.org/10.1364/OE.470529
https://doi.org/10.1121/1.381624
https://doi.org/10.3390/s23125402
https://www.ncbi.nlm.nih.gov/pubmed/37420569
https://doi.org/10.1364/OE.22.013804
https://www.ncbi.nlm.nih.gov/pubmed/24921572
https://doi.org/10.1364/OE.24.029597
https://doi.org/10.1109/LPT.2021.3084557
https://doi.org/10.3390/s22072772
https://doi.org/10.1134/S002044122305010X
https://doi.org/10.3103/S8756699023010053
https://doi.org/10.1109/ICLO54117.2022.9840080
https://doi.org/10.3390/s23115063
https://www.ncbi.nlm.nih.gov/pubmed/37299790
https://doi.org/10.3103/S1068335623602376
https://doi.org/10.3390/a16050217
https://doi.org/10.1145/363958.363994
https://doi.org/10.1145/375360.375365
https://doi.org/10.1002/j.1538-7305.1950.tb00463.x
https://doi.org/10.1080/01621459.1989.10478785
https://doi.org/10.1109/JLT.2018.2838051
https://doi.org/10.1016/j.sna.2019.111555
https://doi.org/10.3390/photonics9120975
https://doi.org/10.3390/s23104978
https://www.ncbi.nlm.nih.gov/pubmed/37430897

Sensors 2024, 24, 2281 27 of 27

39. Hubbard, P.G; Tianchen, R.O.; Xu, T.; Luo, L.; Nonaka, H.; Karrenbach, M.; Soga, K. Road deformation monitoring and event
detection using asphalt-embedded distributed acoustic sensing (DAS). Struct. Control Health Monit. 2022, 29, e3067. [CrossRef]

40. Mohanan, B.; Shaija, PJ.; Varghese, S. Studies on merged Sagnac-Michelson interferometer for detecting phase sensitive events
on fiber optic cables. In Proceedings of the 2013 International Mutli-Conference on Automation, Computing, Communication,
Control and Compressed Sensing (iMac4s), Kottayam, India, 22-23 March 2013; pp. 84-89. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1002/stc.3067
https://doi.org/10.1109/iMac4s.2013.6526388

	Introduction 
	Theory 
	The -OTDR Operation Principle 
	Mathematical Model of the Signal-Formation Process in a Distributed Fiber-Optic Microphone Based on -OTDR 
	Principles of the Signal-Formation Process in a Distributed Fiber-Optic Microphone Based on -OTDR with wFBGs 
	Numerical Modeling of the Signal in a Distributed Fiber-Optic Microphone Based on -OTDR 
	Speech-Recognition Technique in a Distributed Fiber-Optic Microphone Based on a Phase-Sensitive Optical Reflectometer 

	Experiment 
	Description of Experimental Setups 
	Results of Experimental Studies of Quality of Speech Recognition with Different Services for Different Sensing Fiber Configurations 
	Quality of Speech Recognition Competitive Analysis for Different Sensing Fiber Configurations 

	Conclusions 
	References

