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Abstract


This paper demonstrates how the processing of Brillouin gain spectra (BGS) by two-dimensional correlation methods improves the accuracy of Brillouin frequency shift (BFS) extraction in distributed fiber optic sensor systems based on the BOTDA/BOTDR (Brillouin optical time domain analysis/reflectometry) principles. First, the spectra corresponding to different spatial coordinates of the fiber sensor are resampled. Subsequently, the resampled spectra are aligned by the position of the maximum by shifting in frequency relative to each other. The spectra aligned by the position of the maximum are then averaged, which effectively increases the signal-to-noise ratio (SNR). Finally, the Lorentzian curve fitting (LCF) method is applied to the spectrum with improved characteristics, including a reduced scanning step and an increased SNR. Simulations and experiments have demonstrated that the method is particularly efficacious when the signal-to-noise ratio does not exceed 8 dB and the frequency scanning step is coarser than 4 MHz. This is particularly relevant when designing high-speed sensors, as well as when using non-standard laser sources, such as a self-scanning frequency laser, for distributed fiber-optic sensing.
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1. Introduction


Distributed fiber optic sensors (DFOS) are used to measure a multitude of parameters along the length of the fiber sensor, including temperature [1,2], deformation [3,4], pressure [5,6], vibration [7,8,9], and numerous other variables. These sensors have a number of advantages over traditional sensors, as they offer high accuracy, a wide range of measured values, reliability, and durability, as well as immunity to electromagnetic interference and the ability to operate without an additional electrical power supply to the sensing element. DFOS are employed in the oil [10] and gas industries [11] and may be utilized for the monitoring of diverse parameters in production [12]. Additionally, they are utilized in residential buildings and houses, as well as city infrastructure facilities [13,14]. Furthermore, DFOS are extensively utilized in the aviation industry for flaw detection. This allows for monitoring of the condition of the engine and other components of the aircraft, which enhances vehicle safety and reliability [15,16]. Brillouin optical time domain reflectometry (BOTDR) [17,18,19] and Brillouin optical time domain analysis (BOTDA) [20,21,22] are among the most common optical reflectometry methods used for distributed sensing and optical fiber characterization. They are based on the Brillouin effect, which occurs when light passes through an optical fiber and interacts with an acoustic phonon present in the fiber core material [22]. The Brillouin scattering spectrum, a Lorentzian function, undergoes a change in fundamental frequency in response to a change in temperature or strain at the corresponding point in the fiber. The function   g   v     represents the Brillouin gain spectrum (BGS), which comprises a set of frequencies that are instrumental in characterizing Brillouin scattering in optical fibers [23]:


  g   v   =   ∑  j           g   B 0     v   B     Δ   v   B         A   a o   ( j )       v   a c   ( j )     Δ   v   a c   ( j )      ·      ( Δ   v   a c     j     / 2 )   2         v − (   v   0   −   v   a c   ( j )   )     2   +   ( Δ   v   a c     j     / 2 )   2        ,        



(1)




where j is the indices of longitudinal acoustic modes;   Δ   v   a c   ( j )     is the width of the spectral line of the j-th order, which can be considered approximately the same for all acoustic modes;     v   a c   ( j )     is the effective speed of sound;     A   a o   ( j )     is the acousto-optic effective area of the j-th order;     v   B     is the Brillouin frequency shift;     g   B 0       is the Brillouin gain peak;   Δ   v   B     is the Brillouin linewidth, and     v   0     is the base wavelength.     v   a c   ( j )     and     A   a o   ( j )     are qualitatively different for all acoustic modes. The expression   g   v     is a superposition of the Lorentzian functions, the maximum of which must be detected.



Determining a particular physical quantity in this method comes down to establishing the correct value of the central frequency of the spectrum:


    v   B   =   v   a c   1   = 2   n   e f f       V   a       λ   0   − 1   = F   T ,   σ    



(2)




where     n   e f f     is the effective refractive index of the fiber core;     V   a     is the speed of sound in a fiber core; λ0 is the wavelength of radiation; T is the ambient temperature; σ is the mechanical stress in the fiber.



The complexity of this task increases when the length of the sensor line is sufficiently long, and the signal-to-noise ratio at the far end of the line becomes extremely low. In some cases, the complexity of the task is compounded by the necessity of increasing the measurement speed through the use of an increased step frequency scanning, which results in a small number of points in the Brillouin gain spectrum (BGS), as exemplified by the use of a laser with frequency self-scanning [24,25]. This becomes pertinent, for instance, in monitoring the integrity of an aircraft structure in real-time (Figure 1).



In this case, the traditional Lorentzian curve fitting (LCF) method for solving this problem [29,30,31] does not provide high accuracy of BFS extraction. Consequently, researchers often resort to various new techniques. Correlation methods [32,33], wavelet filtering [34], neural networks [35,36], and many other approaches are among them. However, since most types of distributed fiber optic sensors record two-dimensional and three-dimensional data, where redundancy and similarity of information at different points of the optical fiber can be effectively utilized, methods similar to image processing algorithms [37,38,39] have become especially popular among researchers.



For instance, in the study [40], a multi-threshold discrete 2D wavelet is used to improve the signal-to-noise ratio of BOTDA. The authors of this work demonstrate the BOTDA operating with a 154.42 km long fiber line and 40 ns pump pulses, while the measurement error is reduced from ±1.52 MHz to ±1.03 MHz.



In another study, the authors [41] present an experimental method for enhancing the accuracy of BOTDA/BOTDR measurements by leveraging the similarities and redundancies inherent in the 3D data of BGS profiles. The scientists employed image processing, wavelet analysis, and non-local means (NLM) in the time and frequency domains, respectively, to demonstrate a significant increase in the signal-to-noise ratio and measurement contrast. While these approaches yielded promising results in practice, the use of wavelet analysis necessitated the identification of a basis function for each study, which entailed additional time costs.



In [42], the authors demonstrate the temperature measurement with an error of ±0.70 °C and a spatial resolution of 8 m over a sensor length of more than 150 km using optical pulse coding and NLM image processing. However, this approach requires modification of the probing regimes, which excludes the post-processing regime of data obtained on the instrument probing the sensor in a standard way (with a rectangular pulse).



In [43], the authors analyze linear and nonlinear approaches to processing two-dimensional data arrays to remove noise from Brillouin analyzer readings. They study the effect of filter parameters on noise-free data using the NLM method. The proposed method is also interesting for its results; however, according to the authors, its application is optimal for long lines and high-frequency resolution.



In [44], the authors investigate the noise reduction of images obtained based on BGS using convolutional neural networks to enhance the accuracy of deformation measurements. It is demonstrated that denoising BGS images in the time domain can more effectively detect rapidly changing strain (vibration) compared to denoising BGS images along the fiber length.



In order to enhance the speed of BOTDA due to fewer measurements and lower sampling rates in the time domain, the authors of [45] proposed a method based on a generative adversarial network to reconstruct super-resolution BGS from its analog with a fourfold reduction in resolution. The results demonstrated that 75% of the measurements were reduced, and the resolution in the spatial and frequency domains was increased fourfold, which led to a notable increase in measurement accuracy. It is indubitable that neural network algorithms and machine learning methods are indispensable components of contemporary signal processing. However, it is crucial to acknowledge that a significant shortcoming of this approach is the accumulation of data for training the system, which in certain instances necessitates repetition when modifying the measurement parameters or modifying the setup.



The BOTDA presented in [46] based on an optical chirp chain has demonstrated that it can perform rapid measurements over extended distances. In their work, the authors suppress polarization fading by separating information about different polarization states. They further increase the signal-to-noise ratio by employing image processing methods, which avoids averaging BOTDA traces. As a result, they achieve single-pulse temperature measurement of a single-mode fiber at a distance of more than 10 km with a spatial resolution of 6 m and a temperature recording error of 0.59 °C. The method is undoubtedly interesting from a practical point of view. However, in some cases, a significant modification of the experimental setup involving the use of special frequency chirps is not feasible.



In [47], a spatially adaptive image denoising method is proposed to enhance the signal-to-noise ratio of BOTDR without compromising the spatial resolution. By analyzing the denoising principle, a spatially adaptive network denoising structure is created, effectively reducing noise and avoiding excessive smoothing. The method demonstrates promising results; however, the preliminary analysis of the original data requires additional time and resources. In [48], the authors present a novel approach to enhancing measurement speed by integrating quadratic least-squares filtering with moving average and median filters, utilizing a limited quantity of data for averaging. The incorporation of moving average and moving median algorithms in both the frequency and time domains results in a notable enhancement in the reliability and accuracy of Brillouin frequency shift extraction (BFS), accompanied by a reduction in calculation time. It should be noted, however, that averaging in any form is effective when the data corresponding to a single point is averaged rather than two neighboring points. Otherwise, the data must be edited properly to prevent the introduction of additional errors that offset the benefit of the averaging procedure. In this paper, we propose a processing method that allows averaging several BGS with minimal error, regardless of the points on the line at which they were obtained. Despite the high number of iterative procedures with large data sets in signal processing algorithms, all these operations can be implemented at the hardware level. This is due to the fact that most of them already work effectively at the hardware level in distributed sensors. The method allows for an increase in the accuracy of measurements in data obtained with a high-frequency scanning step and a low signal-to-noise ratio.




2. The Idea of the Proposed Method


The data received for processing are typical BGS, i.e., a set of scattering spectra obtained for each point of the optical sensor. These data can be easily visualized as an image (Figure 2), in which the abscissa axis is the distance, the ordinate axis is the frequency, and the color information characterizes the radiation intensity. Given that the original frequency resolution is relatively low, the method entails upsampling, which involves the generation of new pixels. In the simplest case, the color of these pixels is determined by a linear approximation based on neighboring pixels.



To calculate the BFS of spectrum i, a certain set P is selected, consisting of N consecutive spectra that will be involved in digital signal processing. This choice is made based on the computing resources and the tasks facing the researcher. How to determine the optimal value of N will be shown in the subsequent parts of this paper. It is worth noting that the set P does not contain a spectrum with the number i.



Next, the cross-correlation function (CCF) of spectrum i and spectrum i + 1, the first of the spectra of set P, is calculated. The maximum of this function determines the shift of the spectra relative to each other, at which their maximum overlap will occur. All values of spectrum number i + 1 are shifted by the value d:


    d   i + 1   = M a x _ j   ∑  − N   N      S   i + 1 ; j       S   i ; j − n       ,  



(3)






    S   i + 1 ; j   =   S   i + 1 ;   j + d   i + 1     ,  



(4)




where n is the argument of the CCF, Max_j is the function returning the coordinate j of the maximum value of the CCF. If the spectrum with index i + m does not fall into the set P because the end of the fiber line has been reached, then it is replaced by the spectrum with index N − m, where m is an integer value. Thus, the coordinates of the BGS maxima with numbers i and i + 1 (or N − m) become almost equal. An exact match is not achieved due to the error of the correlation method, which takes its own value for each of the spectra of set P and can even change the sign. Thereafter, all shifted BGS are normalized and added up, and the BFS value is calculated from the resulting spectrum using the LCF method.



An algorithm was developed and subsequently applied to both the simulated data and the experimental data (Figure 3) to assess the efficacy of the proposed approach.



At the outset of the calculations, two independent processing branches are established. The first of these incorporates data processing. The traditional BFS extraction method, LCF, is employed to derive the BFS 1 set. The second branch commences with resampling and continues processing according to the aforementioned algorithm (Figure 3). At the conclusion of each branch, the precision and accuracy parameters are analyzed, and the results are ultimately compared.



Description of Metrics for Comparing Algorithms


Accuracy is the average deviation of the obtained value from the true one. In the case of simulated spectra, the true value is known in advance. In contrast, in the case of experimentally obtained spectra, the true value is, in a strict sense, unknown. However, in a good approximation, the true value can be taken as equal to the value measured on a spectrum with ideal characteristics (small scanning step and high SNR) at the same fiber point.



Precision, in its classical sense, refers to the repeatability of measurement and is not directly related to the true value. However, a correction is required in the present case, as the measurements correspond to different points on the fiber. It would be erroneous to compare the obtained values without accounting for this discrepancy. Consequently, the values of the spectrum maximum frequency were selected as the initial data for calculating precision in shifted coordinate systems (i.e., when the spectral centers are combined according to the algorithm described above).





3. The Simulation and Its Results


Six sets of Brillouin spectra were simulated using a computer experiment according to Equation (1) to validate the proposed method. Each set imitated a spectrum matrix measured using a BOTDA with a certain scanning step: 0.5, 1, 2, 4, 8, and 16 MHz. For each scanning step, a generated matrix had a fixed signal-to-noise ratio (SNR) of spectra, ranging from 2 to 12 dB, with a step of 1 dB. Given that these spectra have been artificially simulated, the true BFS for each spectrum is known in advance.



Figure 4 illustrates the dependence of the error (accuracy) in determining the position of the BGS maximum on the number of spectra involved in the averaging procedure for modeled spectra with an SNR of 2 dB.



The upper curve corresponds to the results of spectra with a frequency step of 16 MHz processing. The subsequent curves, from top to bottom, depict the results of processing spectra with steps of 8, 4, 2, 1, and 0.5 MHz, respectively. The procedure for determining the gain in accuracy is illustrated for a step of 16 MHz. The dashed line depicts the error in determining BFS by the classical LCF method without averaging neighboring spectra. The green arrow represents the difference between the BFS extraction errors by the proposed method and LCF for 24 spectra involved in the correlation process. The number of correlation spectra was chosen to reduce the processing time while maintaining high accuracy. The final dependence of the gain on the frequency step is shown in the inset, which is calculated with the formula:


  ∆ =   E   L C F   −   E   I P   ,  



(5)




where   ∆   is the gain in accuracy of BFS extraction;     E   L C F     is the BFS extraction error of the LCF method;      E   I P     is the BFS extraction error of the IP method.



As illustrated in Figure 4, the proposed algorithm yields superior outcomes compared to the LCF method, starting with eight averaged spectra. At approximately 20 spectra, the gain reaches its maximum value, and with an increase in the number of spectra, the gain remains relatively constant. Figure 5 presents similar results, but when processing spectra with an SNR of 11 dB. It can be observed that the algorithm approaches the accuracy of the classical LCF with a large number of averaged spectra yet does not outpace it.



Figure 6 illustrates the discrepancy in the efficacy of the proposed algorithm and the LCF method. For the sake of clarity, the outcomes are presented as a surface, and the higher the point on the surface, the greater the gain of the proposed algorithm.



As illustrated in Figure 6, the algorithm demonstrates a clear advantage over LCF in the context of low SNR and coarse scanning steps over the spectrum.



Precision outcomes for the second selected metric are similar (Figure 7). The algorithm outperforms LCF at low SNR and large scanning steps. The optimal value of the averaged spectra is approximately 20.




4. The Experiment and Its Results


A commercial Brillouin analyzer and standard telecommunication optical fiber SMF-28e were used for the experiments. The optical fiber on a split spool (free winding) was placed in a thermal chamber, where the temperature was maintained at 25 °C during the experiment to eliminate the influence of temperature variations in the laboratory on the experimental data.



Figure 8 shows the experimental setup, including a simplified installation of BOTDA. In this experiment, the DiTeSt 202 STA-R instrument from Omnisens (Morges, Switzerland) was employed. Furthermore, the results obtained with this system have allowed us to compare the outcomes of our previous studies, thereby facilitating the assessment of the efficacy of the proposed methodologies under identical conditions. A typical instrument of this type comprises a pair of main modules: a pump and probe modules. The initial radiation for both modules is typically generated by a narrow-bandwidth laser operating at a wavelength of 1550 nm in continuous mode. The pump module transforms continuous radiation into pulsed radiation through modulation and subsequently amplifies it through a two-stage erbium amplification process. As a consequence of this configuration, the pump module generates rectangular pulses with a duration of approximately tens of nanoseconds, which are then fed to the sensor fiber. The duration of the pause between pulses is typically characterized by microseconds, which is due to the pulse’s time travel through the length of the sensor. In this case, we used pulses with a duration of 10 nanoseconds, which enabled the system to obtain traces with a resolution of 1 m. Additionally, the system shifts this radiation in frequency. We used measurements with a fixed frequency shift of 1 MHz and then performed frequency downsampling to emulate a coarse scanning step. Pigtails equipped with E2000/APC connectors (NTSS, Kostroma, Russia) were welded to the ends of the optical fiber under study using an Ilsintech KF4 arc splicing machine (Ilsintech, DaeJeon City, Republic of Korea). Subsequent to this, the optical fiber under study was placed on a split spool in an Espec MC711, (Espec, Osaka, Japan) thermal chamber for thermostatting. The pressure of individual fibers on each other, axial twisting, and, consequently, undesirable changes in signal polarization and attenuation coefficient were prevented by using a split spool and careful laying of the fiber in the chamber. A temperature close to room temperature of 25 °C was chosen for thermostatting. Once the temperature of the coil and fiber stabilized, cyclic measurements were initiated. The rationale behind the deliberate disabling of the automatic frequency scanning step selection for this study is the need to calculate a discrete correlation function.



The frequency variation range of 10,700 to 10,900 MHz was selected based on the characteristic BFS variations of this fiber type under normal conditions.



Over the 10-h experimental period, 105 measurements were obtained and subsequently transformed into images with varying signal-to-noise ratios by modifying the BGS sample size for averaging.



The signal-to-noise ratio was calculated using the LCF method with subsequent subtraction of the Lorentzian fitted curve from the signal. The spectrum intensity at the maximum point of the Lorentzian curve was taken as the signal level, and the average signal value after its subtraction was taken as the noise level. Based on these two obtained values, the signal-to-noise ratio was calculated. The number of spectra accumulated for averaging by the BGS device varied from 103 to 107, allowing for the acquisition of spectra with varying SNRs.



It is essential to compare the processed values with a standard to assess the efficacy of the employed methods. All spectra obtained for a given temperature (in this case, all 108) were averaged to obtain an accurate standard value for the quantity under study, and reference BFS values were calculated using the LCF method.



The sensor line was 1 km long. It should be noted that averaging was performed for each spatial coordinate separately, as any optical fiber, even those produced by well-established VAD/OVD methods, still exhibits some BFS variation along its length.



Figure 9 and Figure 10 illustrate the relationship between the error/repeatability in determining BFS and the number of experimentally measured spectra involved in the processing. In this instance, the spectra obtained with the accumulation of 103 were subjected to processing. Consequently, the SNR, as determined by the aforementioned method, was found to be 2–3 dB.



The obtained results are in good agreement with the simulation. The proposed method outperforms LCF in both metrics. The optimal number of spectra for processing is approximately 16. For spectra with an accumulation of 5 × 104 (which corresponds to an SNR of approximately 11 dB), similar dependencies are shown in Figure 11 and Figure 12. In this instance, the advantage is only achieved with large scanning steps. With a scanning step of less than 2 MHz, the proposed algorithm is outperformed by LCF.



Finally, Figure 13 illustrates the discrepancy in the efficacy of the proposed algorithm and the LCF method for experimental data.




5. Discussion


The accuracy of BFS extraction from the spectrum is influenced by several factors, including the scanning step size and signal-to-noise ratio (SNR). Regardless of the algorithm employed, the error tends to decrease with increasing SNR and increase with increasing scanning step [49]. However, another crucial factor is the shape of the spectrum, and in this regard, the algorithms exhibit markedly disparate behaviors. LCF is considerably more susceptible to spectrum defects than correlation [50] and artificial intelligence [51] algorithms.



As the final step of the proposed algorithm is still LCF, it is necessary to analyze the impact of the preliminary stages of processing (resampling and averaging with neighboring spectra) on the spectrum itself. A reduction in the spectrum’s discreteness is a consequence of the algorithm itself, and it is logical to expect an increase in the SNR due to the averaging effect during processing. However, what happens to the shape?



When each spectrum of set P is shifted (unless the position of its maximum coincides with the position of the maximum of the measured spectrum), a negative edge defect is introduced. It is illustrated in Figure 14a shows the first spectrum, Figure 14b demonstrates the second. It is necessary to shift the second spectrum to the left to align them by the maximum position, while the extreme right values are filled with zeros. Figure 14c shows the final spectrum, obtained as a half-sum of the original first and shifted second spectra. The spectrum has a kink (shown in the inset on an enlarged scale for clarity). Due to the edge effect, the shape of the spectrum has been distorted, and asymmetry has appeared. The negative impact of spectrum asymmetry on LCF accuracy was previously observed by the authors in [52].



We think this is the reason for the increase in the BFS extraction error when a small number of spectra are involved in the processing compared to pure LCF (Figure 4, Figure 5, Figure 9, and Figure 10). The negative effect of the distorted spectrum shape is believed to prevail over the positive effect of reducing discreteness and increasing SNR. Moreover, if set P consists of only one spectrum, the averaged spectrum will be obviously asymmetric (as in Figure 14), with zero values added only at one edge of the spectrum. Consequently, the negative effect will be dramatic, as is evident in the obtained graphs. However, with a greater number of spectra involved, the positive effects become more pronounced, and the BFS extraction error fades.



In our opinion, the same thing explains the larger jump in the graph upwards in the initial section when processing the model spectra (Figure 5 and Figure 6) than the experimental data (Figure 11 and Figure 12). This can be attributed to the smaller dispersion of the BFS value along the fiber in the experiment than in the simulation. Consequently, a smaller shift was required to align the experimental spectra, and the introduced deformation of the spectrum shape was of a smaller nature. Under other experimental conditions (for example, without using a thermal chamber), the quantitative agreement between the results of processing the experimental and simulated spectra would have been higher.




6. Conclusions


This paper successfully demonstrates the efficacy of two-dimensional digital signal processing based on spectra alignment in improving the parameters of the original BGS. This leads to a gain in the accuracy and precision of frequency shift detection at coarse frequency scanning steps and low signal-to-noise ratios. This approach allows for an increase in the length of the fiber sensor and in measurement speed. However, the method has its own drawbacks. The most obvious of these is the high requirement for computing resources. In our opinion, this problem is significant since the method is adapted for fast measurements (coarse frequency step), but in fact, the measurement results can be obtained at this stage only in the post-processing mode.



Based on this, it is possible to outline the front of the following works aimed at eliminating this drawback:




	
It is imperative to optimize the algorithm to eliminate duplicate operations.



	
Of particular interest is the alignment of spectra through the use of artificial intelligence rather than the traditional approach of calculating the correlation function.



	
The calculation function is to be transferred to the hardware part of the device.








It is also important to note that the method has parameters that can be varied. The most significant of them is the number of spectra that fall within the sliding window and, as a result, are subject to alignment. Our findings indicate that the relationship between this value and the accuracy of determining the frequency shift at different signal-to-noise ratios and frequency scanning steps is not straightforward. This was confirmed both in modeling and in the experiment. It is our hope that optimization of the calculations will facilitate more in-depth research in the near future.



With regard to potential applications, the algorithm can already be used to process signals from reflectometers and analyzers that use a laser source with self-scanning in frequency. Furthermore, a significant improvement in accuracy will be observed when monitoring lines several tens of kilometers long at the far end of the fiber.



The method is of particular interest for studying optical fibers with high losses, including various special fibers such as photonic crystals, active fibers, and others.



In our opinion, the potential for using the sensor in extreme conditions, where temperature or deformation (including unpredictable bends) increases the attenuation coefficient of the optical signal in the fiber, which leads to a decrease in SNR and data not falling within the dynamic range of the system, is worthy of further investigation. The utilization of the aforementioned methodology will enhance the functionality of testing units and components, as well as the capacity of entire devices created using new technologies and/or new materials.
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Figure 1. An example of the BOTDA/BOTDR type systems applications in monitoring the condition of a civil aircraft [26,27,28]. 
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Figure 2. The principle of the proposed method. 
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Figure 3. Algorithm for checking the efficiency of the method. 
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Figure 4. Dependences of the BFS extraction accuracy on the number of averaged spectra for spectra with SNR = 2 dB. Individual curves correspond to different scanning steps (16, 8, 4, 2, 1, and 0.5 MHz from top to bottom). Green arrow shows gain in BFS extraction accuracy. Inset: BFS extraction accuracy gain as a function of frequency step. 
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Figure 5. Dependence of the BFS extraction accuracy on the number of averaged spectra for spectra with SNR=11 dBm. Red arrow shows loss in BFS extraction accuracy. Inset: BFS extraction accuracy gain as a function of the scan step. 
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Figure 6. Dependence of the gain/loss in the accuracy of determining the BFS of the presented algorithm over LCF when processing the simulated spectra. 
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Figure 7. Dependence of the BFS extraction precision on the number of averaged spectra for spectra with SNR = 2 dBm. Green arrow shows gain in BFS extraction accuracy. Inset: BFS extraction precision gain as a function of the scan step. 
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Figure 8. An experimental setup for obtaining BGS includes the following components: FUT (fiber under test), DAQ (digital acquisition), and NBL (narrow bandwidth laser). 
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Figure 9. Dependence of the BFS extraction accuracy on the number of averaged spectra for experimental data with low SNR. Green arrow shows gain in BFS extraction accuracy. Inset: dependence of the gain in BFS extraction accuracy on the scanning step. 
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Figure 10. Dependence of the BFS extraction precision on the number of averaged spectra for experimental data with low SNR. Green arrow shows gain in BFS extraction accuracy. Inset: dependence of the gain in precision on the scanning step. 
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Figure 11. Dependence of the BFS extraction accuracy on the number of averaged spectra for experimental data with high SNR. Green arrow shows gain in BFS extraction accuracy. Inset: dependence of the gain in BFS extraction accuracy on the scanning step. 
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Figure 12. Dependence of the BFS extraction precision number of averaged spectra for experimental data with high SNR. Green arrow shows gain in BFS extraction accuracy. Inset: dependence of the gain in BFS extraction precision on the scanning step. 
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Figure 13. Dependence of the gain/loss in the accuracy of determining the BFS of the presented algorithm over LCF when processing the spectra obtained in the experiment. 
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Figure 14. Illustration of the influence of the algorithm used on the spectrum shape: (a)—original spectrum; (b)—additional spectrum; and (c)—the result of averaging two spectra, the inset shows a close-up of the kink. 






Figure 14. Illustration of the influence of the algorithm used on the spectrum shape: (a)—original spectrum; (b)—additional spectrum; and (c)—the result of averaging two spectra, the inset shows a close-up of the kink.



[image: Algorithms 17 00365 g014]













	
	
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.











© 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/).



























media/file13.jpg
BFS Error (precision). MHz
58 e85 38

10

20 30 40 0
Number of correlations/window size, units

&

i





media/file4.png
Can not be
averaged due
to different
BFSs

Near-standing
BFSs could be
averaged

%

Spectra form i+1 to N
aligned to spectrum i





media/file18.png
BFS Error (accuracy), MHz

<

h

12 -
10
______________________ % 8 -
L )
o 6 1
3
& 47
2 4
0 . . ;
0 5 10 15
Frequency step, MHz
v
10 20 30 40 50 60 70

Number of correlations/window size





media/file21.jpg
Frequncysep, Mz

N (Gormso) soug Sgel

&

0

Number of correlationswindow size, units

0





media/file26.png
BFS error difference (accuracy), MHz

Frequency step, MHz





media/file27.jpg
o @ (®)






media/file3.jpg
Can not be

averaged due

to different

BFSs Near-standing
BFSs could be
averaged

l

Spectra form i+1 to N
aligned to spectrum i





media/file22.png
1.75

fem—
A
o

—_—
e
N

). MHz

J

cecuracy
[o—
[S—y
N

BFS Error (a

()
1

Gam, MHz
= (=
N
1

0 ' T T
0 / ] 10 15
=0.1 -

-0.2 -
g Frequency step, MHz

(OS]

10 20 0 40 50 60 70
Number of correlations/window size. units





media/file19.jpg
Number of correlations/window size





media/file7.jpg
BFS Error (accuracy). MHz
2oz 5 2

20 30 40 50
Number of correlations/window size, units

o





media/file28.png
i < o
1=} =) =) o
& = ® —

Brillouin gain, a.e.

e
(=
(=

10,700

10,750

10.800
Frequency, MHz

e

ain, a

Brillouin g

0.1 -

0.08 -

0.06 -

-

).04

0.02 -

0
10,700

10,850

10,750

e
—

(b)

ol e =
= o o
=4 & %

Brillouin gain, a.e.

i
o
0

0 ! -
10.900 10,700 10,750 10.800 10.850
Frequency, MHz
(¢)

10.800 10,850 10,900
Frequency, NIHz

10,900





media/file10.png
), MHz

-~

curacy

BFS Error (ac

1.6

1.4

0.8

0.6

O I 1 T
0 10 15
-0.02 -
N
%-—0.04 .
.(g
-0.06 -
-0.08 -
Frequency step. MHz
10 20 30 40 50 60 70

Number of correlations/window

size. units





media/file14.png
BFS Error (precision), MHz

~]
S

o)
o

N
-

N
S

(S
S

o
-]

[S—
S

S

T T

3 10
Frequency step, MHz

15

x@g"

10

20 30 40
Number of correlations/window

50
s1ze, units

60

70





media/file11.jpg
‘BFS error difference (accuracy), MHz






media/file6.png
{ Prec/Acc }7

A

LCF =| BFS \
-

[ Prec/Acc ]7

Image BFS
Processing 2

[ Upscale






media/file15.jpg
ABOTDA simplified setup

A

Probe
radiation
module

NBL J

Detector & DAQ

Thermal Chamber

Pump
radiation
module






nav.xhtml


  algorithms-17-00365


  
    		
      algorithms-17-00365
    


  




  





media/file16.png
A BOTDA simplified setup

i

Probe
radiation
module

False / &=«

Buffer
fiber

J

Detector & DAQ

-

Thermal Chamber

Pump
radiation
module

e

/






media/file2.png
=
2

An example of strains detected infiber
SR

BOTDA/

P
’ = g

Distributed
Fiber Optic
Sensor

temperature studyinthe
selected locations

11.496 m

Fiber pos:






media/file20.png
)
N

o o
N

O

- .

BFS Error (precision), MHz
N

o

N

25 -
______________________ 20 -
L 3
g s
‘g 10 -
=¥ 5
0 L T L4
0 5 10 15
Frequency step, MHz
\ vy
x
10 20 30 40 50 60 70

Number of correlations/window size





media/file23.jpg
B

Error (precision), MHz
8 B

Zoss
Zos
065

045

o
03
02
o

o, Mtz

o1
w2
3
Frequency siep. Mtz
0 20 30 P @ w

‘Nomber of correlations/window






media/file5.jpg
LCF B]FS
=
Image BFS
Processing 2

Prec/Ace

!





media/file24.png
2.05 A 0 -
0.3 -
1.85 - 02 -
ﬂ % 0.1 -
= 1.65 - g o , : -
. S_g1 ? 5 10 15
.5 1.45 4 =09 J
w2
3 B F tep, MHz
; 125 requency step,
£ 1.05 -
(q
& 085
0.8
0.65 -
0.45 I I I I I I 1
0 10 20 30 40 50 60 70

Number of correlations/ window size. units





media/file1.jpg





media/file25.jpg
BFS error difference (:
Frequency step. MHz





media/file12.png
BFS error difference (accuracy), MHz

Frequency step, MHz





media/file9.jpg
BFS Error (accuracy). MHz

08

06

10

Frequency siep. Mtz

20 30 W0 50 o
‘Number of correlations window size, units

0





media/file8.png
tn
=

). MHz

-

Y
o

ceuracy
%)
O

BFS Error (a
l‘é)

40 A
0 -4
0 4
0
0 I I 1
0 5 10 15
Frequency step, MHz
10 20 30 40 50 60 70

Number of correlations/window

s1ze. units





media/file17.jpg
50 ) i

W0

Number of comelations/window size

10

(Rowmow) Jou s 461





