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Abstract

:

In this paper, a genetic least mean square (GLMS) method is proposed to improve the signal-to-noise ratio (SNR) of acoustic signal reconstruction in a phase-sensitive optical time-domain reflectometry system. The raw demodulated signal is processed via applying the least mean square criterion. The SNR of the processed signal was calculated and served as the objective function in the fitness evaluation procedure. The genetic operations of the population selection, crossover, and mutation are sequentially performed and repeated until the suspensive condition is reached. Through multiple iterations, the GLMS method continuously optimized the population to find the optimal solution. Experimental results demonstrate that the SNR is substantially improved by 14.37–23.60 dB in the monotonic scale audio signal test from 60 to 1000 Hz. Furthermore, the improvement of the phase reconstruction of a human voice audio signal is also validated by exploiting the proposed GLMS method.
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1. Introduction


Distributed optical fiber acoustic sensing has gained wide attention in recent years owing to its prominent advantages in terms of its high sensitivity, electrical passivity, and strong resistance to corrosion and electromagnetic interference [1,2,3]. In recent years, distributed acoustic sensors have received considerable research attention and exhibited a good application foreground in the areas of 3D vertical seismic profiling [4], traffic flow detection [5], partial discharge monitoring [6], pipeline integrity protecting [7], hydraulic fracturing monitoring [8], vehicle detection and classification [9], drone detection and localization [10], and so on.



In recent years, a considerable number of valuable works has been conducted, and different schemes have been proposed to fulfill the distributed acoustic sensing, such as using phase-sensitive optical time-domain reflectometry (phase-sensitive OTDR) [11,12,13], Brillouin optical time-domain analysis (BOTDA), and optical frequency-domain reflectometry (OFDR) [14,15,16], and other methods [17]. Among them, OFDR is based on swept-wavelength homodyne interferometry. The spatial resolution is inversely proportional to the frequency sweep range of the tunable laser, which can reach the submillimeter level [18]. However, the sensing distance of OFDR is typically tens to hundreds of meters [19]; such a short monitoring range is limited in many practical applications. BOTDA is based on the interaction of a pulsed pump and a counter-propagating continuous probe wave, separated in frequency by the Brillouin frequency shift of the sensing fiber. In traditional BOTDA, due to the demand for a large number of averages and frequency scanning, the measurement times are several minutes [20]. Later, the slope-assisted technique was introduced, which improves the detection bandwidth and enables the BOTDA systems to perform dynamic measurements [21]. However, the high cost and complexity hinder their potential applications in large-scale markets. In contrast, phase-sensitive OTDR based on Rayleigh backscattering (RBS) has attracted a significant amount of attention in the acoustic sensing field due to its excellent performance, low cost, large dynamic range, and wide frequency response [22,23]. It injects highly coherent optical pulses into the fiber, and the RBS light modulated by the acoustic waves is captured [24,25]. In traditional phase-sensitive OTDR, only the amplitude of the RBS light is demodulated to locate the acoustic waves acting on the sensing fiber. However, due to the lack of a specific relationship between the RBS light amplitude and the acoustic wave exerted on the fiber, in recent years, an increasing interest was demonstrated in the phase demodulation of RBS light since the relationship between the phase change and the amplitude of the acoustic wave is linear. For instance, Sha Z. et al. [26] derived a pair of orthogonal signals from the RBS intensity and then demodulated the phase signal to restore different forms of vibration induced by a piezoelectric ceramic transducer (PZT), yet the pulse width should be changed based on the scope of the external disturbance. On the other hand, embedding interferometers with a 3 × 3 coupler [27], or a phase-generated carrier algorithm [28], into phase-sensitive OTDR could also conduct phase demodulation, while at the same time, the cost and complexity could be increased and the system could be vulnerable to external disturbances.



To enhance the extensibility of phase-sensitive OTDR, coherent detection was introduced to demodulate the full vector information of the RBS [29]. For instance, Jiang, J. et al. analyzed the quantitative relationship between the minimal detectable strain and the related parameters; in the experiment, approximately 8 m of bare fiber was coiled over a PZT to simulate an environmental acoustic signal [30]. Wang Z. et al. implemented in-phase/quadrature (IQ) demodulation and homodyne detection via utilizing a 90° optical hybrid. In the scheme, 10 m of fiber wrapped around a PZT was employed as the testing point, and real-time demodulation of an RBS phase transition induced by PZT was performed [31]. Zhang X. et al. adopted analog IQ demodulation to retrieve the phase change induced by PZT, which was put around 2.07 km over a total length of 2.30 km as the vibration source [32]. However, considering the fact that the intensity of an acoustic signal such as a human voice is usually very weak compared to PZT-induced vibration signals, the signal-to-noise ratio (SNR) of the phase reconstruction of an acoustic signal is relatively low.



In this paper, a genetic least mean square (GLMS) method is proposed to enhance the SNR of the acoustic signal reconstruction in a phase-sensitive OTDR sensing system. The raw demodulated signal is preliminarily processed based on the least mean square criterion. The SNR of the processed signal was calculated and served as the objective function in the fitness evaluation procedure. The genetic operations of the population selection, crossover, and mutation are sequentially performed and repeated until the suspensive condition is reached. Finally, through multiple iterations, the GLMS method continuously optimized the population to find the optimal solution.



In the following parts, Section 2 gives a brief description of the experimental arrangement and the mathematical formalism underlying the operating principle of the GLMS method. Then, a proof-of-concept experiment was implemented, and the experimental results and discussions are presented in Section 3 to verify the proposed method. Finally, a conclusion that highlights the outcome of the research is provided in Section 4.




2. Operating Principle


2.1. Experimental Arrangement


The pictorial demonstration of the experimental configuration is shown in Figure 1. In the system, the continuous light emitted from a 1550 nm narrow linewidth laser (NLL) was divided into two paths through a 90:10 optical coupler (OC1). The 90% path was coupled to an acoustic optical modulator (AOM) and modulated into probe pulses with a 200 ns width, a 10 kHz repetition frequency, and an 80 MHz frequency shift, while the 10% path was served as the local oscillator (LO). Subsequently, the probe pulses were amplified by an Erbium-doped fiber amplifier (EDFA), filtered by a dense wavelength division multiplexer (DWDM) and then injected into a 5 km long G.652 sensing fiber through a circulator (Cir). The audio signal generated by a speaker was played at 20 cm above the sensing fiber. The acoustic-modulated RBS light from the sensing fiber was then superimposed with the LO at a 50:50 optical coupler (OC2). Finally, the beat signal was detected by a 350 MHz balanced photodetector (BPD) and digitalized by a 250 MS/s data acquisition card (DAQ), which was synchronously triggered with the AOM by a signal generator (SG).




2.2. Operating Principle of the GLMS Method


In the phase-sensitive OTDR acoustic sensing system, the electric field of the RBS light Es(t) and the LO light EL(t) can be expressed, respectively, as follows:


Es(t) = AS(t) cos((w + Δw)t + φ(t)),



(1)






EL(t) = AL cos(wt + φL),



(2)




where AS(t) and AL denote the amplitude of the RBS signal and the LO light, respectively, w is the center frequency of the laser, Δw is the frequency shift introduced by the AOM, and φ(t) and φL represent the phase of RBS signal and the LO light, respectively. Then, the RBS light will be mixed with the LO light via OC2, and the beat signal is launched to the BPD, whose photocurrent is proportional to the optical power:


   i ( t ) ∝   ( E s ( t ) +  E L  ( t ) )  2  =   (  A S  ( t )   cos ( ( w + Δ w ) t + φ ( t ) ) +  A L    cos ( w t +  A L  ) )  2  =   A   s   2     ( t )    cos 2  ( ( w + Δ w ) t + φ ( t ) ) +   A   L   2     cos 2  ( w t +  φ L  ) + 2  A s  ( t )  A L  cos ( ( w + Δ w ) t + φ ( t ) ) cos ( w t +  φ L  ) ,  



(3)







According to the trigonometric transformation, Equation (3) can be expressed as follows:


   i ( t ) ∝   ( E s ( t ) +  E L  ( t ) )  2  =     A   s   2   ( t )   2     +     A   L   2   ( t )   2     +     A   s   2   ( t )   2       cos ( 2 ( w + Δ w ) t + 2 φ ( t ) ) +     A   L   2   ( t )   2    cos ( 2 w t + 2  φ L  ) +  A s  ( t )  A L  cos ( ( 2 w + Δ w ) t + φ ( t ) +  φ L  ) +  A s  ( t )  A L  cos ( Δ w t + φ ( t ) −  φ L  ) ,  



(4)







In Equation (4), the high-frequency terms (      A   s   2   ( t )   2     cos(2(w + Δw)t + 2φ(t)),       A   L   2   ( t )   2     cos (2wt + 2φL), AS(t) AL cos((2w + Δw)t + φ(t) + φL)) are not within the response range of the BPD and cannot be detected. Moreover, the DC terms (        A   s   2   ( t )   2    ,       A   L   2   ( t )   2    ) are filtered out since the BPD is AC-coupled. Thus, Equation (5) can be derived after filtering out the DC and high-frequency terms:


i(t)∝AS(t) AL cos(Δwt + Δφ),



(5)




where Δφ = φ(t)−φL is the phase change caused by the external disturbance. Then, two orthogonal signals, cos(Δwt) and sin(Δwt), are exploited to mix with the beat signal, and the mixing results are expressed as I(t) and Q(t), respectively:


  I ( t ) =  A S  ( t )    L    cos ( Δ wt + Δ φ )   cos ( Δ w ) =     A   S   ( t )   A   L     2   cos ( 2 Δ w t + Δ φ ) + cos ( Δ φ ) ,  



(6)






  Q ( t ) =  A S  ( t )    L    cos ( Δ wt + Δ φ )   sin ( Δ w ) =     A   S   ( t )   A   L     2   sin ( 2 Δ w t + Δ φ ) − sin ( Δ φ ) ,  



(7)







Therefore, the phase induced by the external acoustic disturbance can be demodulated as follows:


   Δ φ =     arctan     Q ( t )   I ( t )    + 2 k π ,  



(8)







Thus, the optical phase, which is proportional to the acoustic pressure applied to the optical fiber, is demodulated. However, in the actual measurement, the intensity of an acoustic signal such as a human voice is usually very weak compared to the PZT-induced vibration signals, and the SNR of the phase reconstruction of the acoustic signal is relatively low. In order to enhance the SNR of the acoustic signal reconstruction in the phase-sensitive OTDR sensing system, a GLMS method is proposed. Firstly, the raw demodulated signal is preliminarily processed based on the least mean square criterion:


  ξ = E   [ d ( n ) − y ( n ) ]  2  = E   [ d ( n ) −  W T  ( n ) X ( n ) ]  2  = E   [ d ( n ) −   ∑  i = 0   N − 1     w i  ( n ) x ( n − i )   ]  2   



(9)




where X(n) denotes the raw demodulated phase signal, W(n) represents the tap coefficient, and N indicates the number of taps, y(n) represents the processed signal, d(n) denotes the expected signal, which can be obtained from X(n) by utilizing wavelet decomposition and reconstruction techniques. In particular, W(n) is updated based on the previous parameters:


  W ( n  + 1  ) = W ( n ) + 2 λ X ( n ) ( d ( n ) − y ( n ) )  



(10)




where   λ   is the step size. It should be emphasized that, in actual measurements, it is of substantial importance to choose appropriate parameter values for N and   λ  , since these values greatly affect the SNR of the acoustic signal reconstruction in the phase-sensitive OTDR system. On the other hand, the basic idea of the genetic algorithm is to find the optimal solution via simulating the evolution process in nature. Based on such considerations, a genetic least mean square (GLMS) method is proposed in this paper. The fundamental framework of the genetic algorithm can be expressed as follows:


  G A =   C , F ,  P 0  , N , S , X , M , T    



(11)




where C represents chromosome encoding, which is utilized to transform variables to be solved into parameters in optimization problems. F denotes the fitness evaluation, which is used to measure the degree of superiority or inferiority of an individual. P0 is the initial population, and N is the population size. S stands for the selection operation, which is used to select excellent individuals from a population based on the results of fitness evaluation. X represents the crossover operation, which refers to the exchange of chromosomal fragments between two parent chromosomes, resulting in the formation of new individuals. M represents the mutation operation, which refers to the occurrence of a mutation in a gene segment of a chromosome, resulting in the generation of a new individual. T represents the termination criterion, which refers to the conditions under which the algorithm stops running. Therefore, in the GLMS method, the chromosome encoding is performed to transform the variables to be solved (N and λ) in practical problems into recognizable information in optimization problems:


  δ =   U − L    2 l  − 1    



(12)




where U and L are the upper and lower bounds of the variables to be solved,  δ  is the calculation accuracy, and l is the chromosome length. Thus, the variables to be solved in the actual problem are converted into binary encoding strings. Then, the initial population with a certain number of individuals is generated. Here, an individual, which is coded as alal-1 al-2…a2 a1, can be decoded as follows:


  b = δ +     ∑ i l   a i   2  i − 1        U − L    2 l  − 1    



(13)







As analyzed above, the variables to be solved (N and λ) affect the SNR of the acoustic signal reconstruction in the phase-sensitive OTDR system. Therefore, by selecting appropriate values for N and λ, the SNR of the acoustic signal reconstruction can be enhanced. On this basis, the SNR is employed as the objective function in the optimization process, which can be written as follows:


    Objv   S N R   = 10 l g    ∑   S 2  ( n )      ∑   N 2  ( n )      



(14)




where      ∑    S   2   ( n )     presents the signal energy, while    ∑    N   2   ( n )     denotes the noise energy. Subsequently, the fitness evaluation is implemented according to the optimal degree of the individuals within the population. Then, the selection operation is conducted based on the individual’s fitness. Assuming there are n individuals in the population, the probability of i-th individual being selected is as follows:


  P (  x i  ) =   f    x i        ∑  j = 1  n   f    x j         



(15)




where f(xi) denotes the fitness value of the i-th individual, and     ∑  j = 1  n   f    x j        represents the sum of the fitness of all individuals in the current population. In addition, in order to select all individuals, the cumulative probability q(xi), which represents the sum of all the previous probabilities for each individual, is introduced:


  q (  x i  ) =   ∑  j = 1  i   p    x i       



(16)







Thus, the individuals with higher fitness have a higher probability of being selected; that is, excellent individuals are selected from the population for breeding the next generation. After that, the crossover operation is performed to replace and recombine the partial structures of two parent individuals to generate new individuals. Then, the mutation operation is executed in order to alter certain genes in chromosomes, introduce new genetic information, and increase the population diversity. Afterward, a new round of evolution begins on the basis of the new population. The result of each round of evolution is the acquisition of a population with a higher fitness on the basis of the previous population. After multiple iterations, the optimized individuals continuously approach the optimal solution. Finally, the individual with the best fitness from the final population, i.e., the optimal solution, is output.



Figure 2 is the flow chart of the proposed GLMS method. Firstly, the original demodulated phase curves are imported, and the range of operating parameters (number of taps N and step size λ) are set and converted to recognizable information in optimization problems through chromosome encoding. Then, the initial population with a certain size of individuals is generated. Subsequently, the input signal is processed based on the least mean square error criterion, and the SNR of the processed signal is calculated in order to conduct a fitness evaluation. Then, the cycle condition is judged, and if the termination criterion is not reached, the genetic operations of the population selection, crossover, and mutation are sequentially executed to generate the new population. The genetic steps are repeated, and the fitness is reevaluated until the suspensive condition is reached. Finally, the optimal results (SNR, N, and λ) can be obtained via exploiting the proposed GLMS method.





3. Experiments and Discussion


The structure employed in the experiment is demonstrated in Figure 1. In the experiment, a 10 m sensing fiber was coiled with a diameter of approximately 10 cm at a distance of 4 km. The audio signal generated by a speaker was played at 20 cm above the sensing fiber. Firstly, the monotonic scale audio signal test was carried out. Due to the performance limitation of the speaker, the audio signal was tested and varied in frequency from 60 Hz to 1000 Hz, and the phase change induced by the audio signal acting on the sensing fiber was analyzed.



Figure 3 shows the raw demodulated phase signals of 60 Hz, 350 Hz, 500 Hz, and 1000 Hz. As shown, the frequency of the raw demodulated phase signal is consistent with the frequency of the applied audio signal; however, the waveforms of the raw demodulated phase results were obviously affected by noise and the SNR was relatively low.



Thus, in order to enhance the SNR of the acoustic restoration, the GLMS method is applied. Firstly, the range of the operating parameters was set; in the experiment, the number of taps N was in the range of 10~2000 and the step size λ was in the range of 10−7~10−3. The operating parameters (N and λ) are then converted to recognizable information in optimization problems through chromosome encoding. Afterward, the initial population with a certain size of 40 was generated. Each individual was a vector of a constant length of 20 with binary values. Subsequently, the raw demodulated signal was processed based on the least mean square criterion, and the SNR of the processed signal was calculated and served as the objective function in the process of the fitness evaluation. The maximum number of genetic iterations was set to 50, and if the termination criterion was not reached, the population selection was performed based on fitness values with a generation gap of 0.95. Then, a crossover between the selected populations was conducted with a crossover rate of 0.7 to generate a new population. Subsequently, a mutation operation with a mutation rate of 0.01 was introduced to ensure population diversity and prevent falling into a locally optimized solution. Afterward, the fitness values of the new generation were recalculated, and the entire process was repeated until the suspensive condition was reached. Finally, the optimal results including the SNR, N, and λ could be achieved via exploiting the proposed GLMS method.



Figure 4 demonstrates the best solution history of the audio signal tests of 60 Hz, 350 Hz, 500 Hz, and 1000 Hz. It can be seen that, through 50 genetic iterations, the GLMS method continuously optimized the population to find an optimal solution and achieve the optimal SNR. According to (14), the SNRs of the raw demodulated phase curve of 60 Hz, 350 Hz, 500 Hz, and 1000 Hz are −0.73 dB, −5.58 dB, −2.73 dB, and −8.11 dB, respectively. Therefore, the SNRs are respectively improved by 18.19 dB, 19.01 dB, 15.39 dB, and 15.79 dB in the audio signal test by utilizing the proposed method. In addition, under the current laboratory environment, the software is implemented in MATLAB 2018a in order to validate the effectiveness of the proposed method. In the following study, a real-time response ability can be achieved via exploiting the Field Programmable Gate Array (FPGA) hardware acceleration platform (e.g. Zynq UltraScale+MPSoC) and software optimization strategies.



Figure 5 shows the comparison of the phase signals before and after using the proposed GLMS method in the audio signal tests of 60 Hz, 350 Hz, 500 Hz, and 1000 Hz. As shown in Figure 5, the grey curve indicates the raw demodulated phase signal, and the red curve represents the processed phase signal using the GLMS method. It can be seen that the processed phase signal is more consistent with the actual applied audio signal.



In addition, the power spectral density (PSD) of the phase signals before and after using the proposed GLMS method is plotted in Figure 6. As shown, the noise level was obviously degraded by 25.20 dB, 24.80 dB, 14.73 dB, and 32.56 dB in the audio signal tests of 60 Hz, 350 Hz, 500 Hz, and 1000 Hz, respectively.



Table 1 summarizes the experimental results of the monotonic scale audio signal test. In the experiment, 11 different audio frequencies in the range of 60–1000 Hz were selected to test the feasibility of the proposed method. In each test, the SNR of the raw demodulated phase signal was calculated. Afterward, the GLMS method was exploited to enhance the SNR. Through 50 genetic iterations, the population was continuously optimized to find the optimal solution. Hence, the optimal results (the number of taps N, step size λ, and SNR of the reconstructed phase signal) could be achieved. Finally, the SNR increment before and after using the proposed method was calculated. As shown in Table 1, it can be obviously seen that the SNR of the processed phase signal is significantly improved by 14.37~23.60 dB with respect to the raw demodulated phase signal, which exhibits the feasibility and availability of the proposed GLMS method.



Finally, the audio signal test of a human voice was performed. As mentioned above, the range of the operating parameters was primarily set; in the experimental test of a human voice, N was in the range of 10~2000 and λ was in the range of 5 × 10−9~10−5. Subsequently, the raw demodulated signal was processed based on the least mean square criterion, and the SNR of the processed signal was calculated and served as the objective function in the process of the fitness evaluation. The maximum number of genetic iterations was 50. The genetic manipulations of the population selection, crossover, and mutation were sequentially executed to generate a new population until the suspensive condition was reached.



Figure 7 indicates the experimental results of the human voice audio signal test. Figure 7a represents the raw demodulated phase signal. According to (14), the SNR of the raw demodulated phase curve is −12.94 dB. Figure 7b illustrates the processed audio phase signal by utilizing the proposed GLMS method, and it can be seen that the noise is significantly reduced.



In addition, Figure 8 presents the spectrogram of the human voice audio signal. Figure 8a is the spectrogram of the original audio signal played by the speaker, and Figure 8b is the spectrogram of the raw demodulated phase signal. It can be observed that the demodulated signal is obviously affected by noise. Figure 8c is the spectrogram of the processed phase signal by utilizing the proposed method. It can be seen that the spectrogram of the proposed phase signal is similar to the spectrogram of the original audio signal, which proves the fidelity of the proposed GLMS method.



Figure 9 demonstrates the iterative optimization process of the GLMS method. Figure 9a presents the objective function graph, and the blue solid triangles within the black dashed circle are the partial solutions obtained at each iteration. Figure 9b is the partially enlarged view of the circled area. It can be seen that the GLMS method continuously optimized the population to find an optimal solution. Figure 9c is the two-dimensional (2D) view of the objective function graph. The blue solid triangles are the partial solutions obtained during the iteration process, and the black solid triangle represents the optimal results (N = 1282, λ = 6.11 × 10−8, and SNR = 2.20 dB), which were achieved through 50 genetic iterations. Figure 9d reveals the best solution history. Hence, the SNR of the processed phase signal was improved by 15.14 dB with respect to the raw demodulated phase signal. Therefore, the experimental results further prove the feasibility of the proposed GLMS method.




4. Conclusions


A GLMS method is proposed in this paper to improve the SNR of acoustic signal reconstruction in a phase-sensitive OTDR sensing system. The raw demodulated signal is preliminarily processed via applying the least mean square criterion. The SNR of the processed signal was calculated and served as the objective function in the process of fitness evaluation. The genetic operations of the population selection, crossover, and mutation are sequentially performed and repeated until the suspensive condition is reached. Through 50 genetic iterations, the GLMS method continuously optimized the population to find the optimal solution. The experimental results demonstrate that the SNR is substantially improved by 14.37–23.60 dB in the monotonic scale audio signal test from 60 Hz to 1000 Hz. Furthermore, the improvement of the phase reconstruction of the human voice audio signal is also validated by exploiting the proposed GLMS method. In previous publications, researchers have conducted several studies to improve the SNR of a phase-sensitive OTDR sensing system. For instance, H. Cai et al. introduced a dense multichannel signal integration (DMSI) technique in phase-sensitive OTDR for SNR enhancement. In the scheme, the spatial multiplexing was exploited as a noise constraint condition, and the SNR was improved by ~20 dB over 800 m of fiber length [33]. Z. Wang et al. proposed a phase-demodulated optical pulse-coding phase-sensitive OTDR system, and the experimental results show that the noise variance of Golay coding was reduced by 13.7 dB with respect to a single pulse averaging four times over a total fiber length of 2.2 km [34]. Y. Liu et al. proposed multi-transverse modes heterodyne matched-filtering technology to conduct SNR improvement. By using the advantages of few-mode fibers, the noise floor was degraded by 11.4 dB over 2 km of monitoring distance [35]. Y. Hu et al. adopted frequency division multiplexing (FDM) technology to enhance the system performance. When the spatial resolution was consistent with the length of the disturbance region, the SNR was increased by 3 dB compared to the average SNR [36]. J. Tang et al. proposed an ultra-weak fiber Bragg grating (UWFBG) array based on a distributed acoustic sensing system. The Golay coding pulse sequence was utilized as the probe signal and a 1.5 km UWFBG was adopted as the sensing fiber. The experimental results demonstrate that the SNR was improved by 2.7 dB at 100 Hz [37].



In summary, our work differs from previous work in that the enhancement of the SNR of the acoustic signal reconstruction was obtained without increasing the cost and complexity of the system, indicating that the proposed method can be a promising solution for cost-sensitive distributed acoustic sensing applications.
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Figure 1. Experimental arrangement of the phase-sensitive OTDR acoustic sensing system. 
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Figure 2. Flow diagram of the proposed GLMS method. 
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Figure 3. Raw demodulated phase signal. Time-domain results: (a) 60 Hz, (b) 350 Hz, (c) 500 Hz, and (d) 1000 Hz. Frequency domain results: (e) 60 Hz, (f) 350 Hz, (g) 500 Hz, and (h) 1000 Hz. 
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Figure 4. Best solution history of the audio signal test: (a) 60 Hz, (b) 350 Hz, (c) 500 Hz, and (d) 1000 Hz. 
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Figure 5. Comparison of phase signals before and after using the proposed GLMS method in the audio signal test: (a) 60 Hz, (b) 350 Hz, (c) 500 Hz, and (d) 1000 Hz. 
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Figure 6. PSD of the raw demodulated phase signals in the audio signal tests: (a) 60 Hz, (b) 350 Hz, (c) 500 Hz, and (d) 1000 Hz. PSD of processed phase signal using the GLMS method in the audio signal tests: (e) 60 Hz, (f) 350 Hz, (g) 500 Hz, and (h) 1000 Hz. 
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Figure 7. Experimental results of the human voice audio signal test using the GLMS method: (a) raw demodulated phase signal, (b) processed phase signal. 
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Figure 8. Spectrogram of the human voice audio signal: (a) original audio signal played by the speaker; (b) raw demodulated phase signal; (c) phase signal processed using the GLMS method. 
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Figure 9. Iterative optimization process: (a) objective function graph; (b) partially enlarged view of the circled area; (c) 2D view of the objective function graph; (d) best solution history. 
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Table 1. Summarization of the experimental results of the audio signal test within 60–1000 Hz.
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	Acoustic Frequency
	Number of Taps (N)
	Step Size

(λ)
	SNR of the Raw Demodulated Phase
	SNR of the Processed Phase by GLMS Method
	SNR Increment





	60 Hz
	1965
	4.53 × 10−5
	−0.73 dB
	17.46 dB
	18.19 dB



	100 Hz
	1996
	2.00 × 10−5
	0.35 dB
	14.04 dB
	14.37 dB



	150 Hz
	1985
	1.67 × 10−6
	−3.31 dB
	20.29 dB
	23.60 dB



	200 Hz
	1052
	8.30 × 10−4
	−2.88 dB
	15.86 dB
	18.74 dB



	250 Hz
	1839
	5.16 × 10−7
	0.85 dB
	18.62 dB
	17.77 dB



	300 Hz
	228
	2.62 × 10−6
	−4.66 dB
	16.92 dB
	21.58 dB



	350 Hz
	1905
	7.49 × 10−4
	−5.58 dB
	14.59 dB
	19.01 dB



	400 Hz
	1732
	4.50 × 10−4
	−7.98 dB
	11.65 dB
	19.63 dB



	450 Hz
	1938
	6.56 × 10−4
	−5.72 dB
	10.64 dB
	16.36 dB



	500 Hz
	189
	9.25 × 10−6
	−2.73 dB
	12.66 dB
	15.39 dB



	1000 Hz
	26
	2.68 × 10−6
	−8.11 dB
	7.68 dB
	15.79 dB
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