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Seabed geoacoustic parameters play an important role in underwater acoustic channel modeling. Traditional methods to determine these parameters, for example, drilling, are expensive and are being replaced by acoustic inverse technology. An inversion method based on Bayesian theory is presented to derive the structure and geoacoustic parameters of a layered seabed in a shallow sea. The seabed was considered a layered elastic medium. The objective of this research was to use the sound pressure detected by underwater acoustic sensors at different positions and to use nonlinear Bayesian inversion to estimate the geoacoustic parameters and their uncertainties in the multi-layer seabed. Specifically, the thickness, density, compression wave speed, shear wave speed, and the attenuation of these two wave speeds were determined. The maximum a posterior (MAP) model and posterior probability distribution of each parameter were estimated using the optimized simulated annealing (OSA) and Metropolis-Hastings sampling (MHS) methods. Model selection was carried out using the Bayesian information criterion (BIC) to determine the optimal model that thoroughly explained the experimental data for different parameterizations. The results showed that the OSA is much more capable of delivering high-accuracy results in multi-layer seabed models. The compression wave speed and shear wave speed were less uncertain than the other parameters, and the parameters in the upper layer had less uncertainty than those in the lower layer.
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1 Introduction

Acoustic waves are currently the only means of realizing underwater long-distance detection and communication. When acoustic waves propagating in shallow sea, they will be significantly affected by environment parameters. Moreover, the influence of seabed geoacoustic parameters on acoustic propagation is apparent. Therefore, the accurate inversion of shallow sea geoacoustic parameters is vital. (Benavente et al., 2019). Methods used to determine the seabed’s geoacoustic parameters can be divided into those that rely on direct and indirect measurements (Yin and Hu, 2016). Direct methods mainly involve the acquisition of samples of the seabed substrate by drilling into the seabed. In contrast, acquiring of geoacoustic parameters relies more on the indirect measurement of acoustic inversion techniques. This technology has been widely used to obtain geoacoustic parameters because of its technical efficiency.

Past inversion studies for the acoustic properties of shallow seabed mainly focused on the geoacoustic parameters in the surface seabed, and assumed the seabed to be a liquid medium (Michalopoulou and Gerstoft, 2019). With the development of technology, simply treating the seabed as a liquid medium cannot meet the research needs, also it is urgent to obtain the stratified structure and parameters of the seabed simultaneously and accurately. Since Low-Frequency (LF)/Very-Low-Frequency (VLF) acoustic waves can penetration into the seabed deeply, they are more suitable to be used to obtain the structure and parameters (Yuan et al., 2019). However, there are few related studies at present. Therefore, this paper proposes an algorithm suitable for obtaining the geoacoustic parameters of the elastic seabed with multiple layers. (Zhang et al., 2020)

Geoacoustic parameter inversion represents a strongly nonlinear problem with multiparameter solutions for which an immediate answer is unavailable. Initially, optimization algorithms such as simulated annealing (SA) and genetic algorithm (GA) approaches have been widely used in the field of inversion to solve the error function (Sen and Stoffa, 2006; Zhang et al., 2021). However, the disadvantage of SA and GA algorithms is that they can only provide a set of MAP (Maximum A Posteriori, MAP) values, which is unrealistic for the multi-parameter coupling problem. In fact, because of the high randomness of the sea environment, the measured data inevitably contain systematic and random errors; thus, an uncertainty analysis of the inversion results is essential. It is unreasonable and insufficiently comprehensive to provide only a set of MAP values for optimal solution parameters to obtain the inversion result. The inversion method based on nonlinear Bayesian theory is a global optimization algorithm with roots in interdisciplinary subjects, such as probability theory, applied mathematics, and optimization theory. This algorithm can not only be used to effectively estimate the parameters of the MAP model, but it can also evaluate the uncertainty in the parameter inversion results from a statistical perspective, making it more suitable for meeting the current needs of the research on geoacoustic parameter inversion.

In general, the seabed of the shallow sea environment along the coast has a layered structure with multiple sedimentary layers, and the hardness of this seabed structure increases with the depth of the seabed. The research objective of this study was to determine the sound pressure detected by underwater acoustic sensors at different positions to extract the geoacoustic parameters of this environment, thus contributing to the modeling of underwater acoustic channels in the shallow sea. In addition, a nonlinear Bayesian inversion method was applied to estimate the seabed density, compression wave speed, shear wave speed, two types of wave speed attenuation, and their corresponding uncertainties. To improve the accuracy of the optimization results, optimized simulated annealing (OSA) is proposed to solve the error function, and Metropolis-Hastings sampling (MHS) was applied to estimate the MAP model and compute the marginal posterior probability distributions. The Bayesian information criterion (BIC) was used to determine the optimal parameterization model in terms of the likelihood function.

The paper is organized as follows: the inverse theory and algorithms are described in Section 2. Section 2.1 introduces the shallow sea model with an n-layered seabed and nonlinear Bayesian inversion theory. In addition, the BIC is described in this section. Section 2.2 presents a description of the OSA method. Section 3 provides the motivation for selecting a shallow sea model with a two-layer seabed as the discussion model and presents the analysis, which was conducted by way of simulation, of the feasibility of the result obtained using BIC, and the best model selected by BIC is analyzed by OSA. The inversion results for the experimental data obtained using the proposed method are provided in Section 4. Specifically, in Section 4.1, the laboratory experiments are described; Section 4.2 provides the results of the model selection analysis; Section 4.3 presents the inversion results and introduces the uncertainty analysis of the inversion results. Finally, the conclusions are presented in Section 5.



2 Inverse theory and algorithms


2.1 Nonlinear Bayesian inversion theory

This section describes the nonlinear Bayesian inversion theory as applicable to the pressure field generated by underwater sound. More general descriptions of Bayesian theory can be found elsewhere (Dosso et al., 2009; Dosso and Dettmer, 2011). In this study, the shallow sea environment was considered a layered waveguide model, and the seabed was considered a layered elastic medium, as illustrated in Figure 1. In the model, the r-axis represents the propagation direction of the acoustic signals, and the z-axis represents the depth of the sea. Furthermore, zs and f0 represent the depth and frequency of the sound source, respectively; ρ1 and c1 represent the density and speed of sound in the sea column; cpn, csn, ρbn, αpn, αsn, and Hn are the parameters of the seabed model; cpn, csn, and ρbn are the compression wave speed, shear wave speed, and density of the n-layered seabed, respectively; αpn and αsn represent the two types of wave speed attenuation, and Hn is the depth of the n-layered seabed (Li et al., 2019).




Figure 1 | Shallow sea waveguide model with n-layered seabed.



In the model shown in Figure 1, under the wave theory, the wave equation can be transformed into a form that conforms to the Fourier transform through discrete processing. This enables the model to be solved quickly by the fast field method (FFM) (Zhu et al., 2012), and to derive the potential functions of each layer included in the wave equation. The relationship between the sound pressure p in the seabed layer and the potential function φ, represented by p=ρ1ω2φ, is then used to obtain the value of the sound pressure at each point in the seabed layer. Where ω represents the angular frequency corresponding to the source frequency f, that is ω=2πf. The sound pressure field can be expressed as follows, where ξ represents the wave number.



The random variables d and m represent the experimental data from the sound field and the awaiting inversion geoacoustic parameters in the seabed model (Zhu et al., 2019). The vectors d and m satisfy the Bayesian theorem.

 

where P(m|d) is the posterior probability density (PPD), P(d) is the probability density function (PDF) of d, P(m) is the prior PDF, and represents the available parameter information independent of the data. P(d|m) is the conditional PDF of m under the given measured data d, which is expressed by the likelihood function L(d|m) for the measured data. Thus, Equation (2) can be written as

 

The likelihood function is determined by the form of the measured data and the statistical distribution of the data errors. In practice, obtaining an independent estimate of the error statistics is often tricky; thus, the assumption of unbiased Gaussian errors is used in processing, and the likelihood function is given by

 

where E(m) represents the error function. After normalization, we obtain



The domain of integration spans the M-dimensional parameter space.

In the Bayesian inversion method, the multidimensional PPD of m represents the most general solution to the inversion problem. However, interpreting the PPD for a multi-dimensional problem requires the properties to be estimated by defining the parameter values, uncertainties, and inter-relationships, such as the MAP model, mean model, and marginal probability distributions, which are defined, respectively, as

 

 



where δ is the Dirac delta function, and the range of the integral is the space of each parameter.

Inter-parameter relationships are quantified by normalizing the covariance matrix Cm to produce a correlation matrix with elements between +1 and −1.

 

where the parameters are completely positively correlated for Rij= +1 and negatively correlated for Rij = −1. Furthermore, Rij = 0 indicates that the parameters were not relevant.

MAP estimates in this study were computed using the OSA. Marginal distributions were determined by numerical integration of the PPD, which was obtained using MHS. Although the MHS results do not depend on the initial model, the accuracy of the inversion results can be improved by selecting the correct initial value. In this study, the MAP estimate searched by the OSA was used as the initial model for the MHS (Zheng et al., 2020).

In Bayesian inversion theory, solving the PPD requires the likelihood function to be obtained. In addition, because the uncertainties in the data are often not well known, physically reasonable assumptions are required for the form of the uncertainty distribution; thus, assuming the data errors are independent Gaussian-distributed random variables, the likelihood function can be given by



where   represents the measured sound pressure data at K receiving positions for the fth frequency, and   and  , respectively, represent the sound pressure data predicted by the model and the covariance matrix under the same conditions (Dong and Dosso, 2011; Gao et al., 2017).

The sound pressure predicted by the model,  , can be expressed as

 

where   is the sound pressure computed by the FFM, and Af and θf are the magnitude and phase of the unknown complex source at each frequency, respectively. Then, the likelihood can be maximized with respect to the source by setting ∂L(m)/∂Af=∂L(m)/∂θf=0, leading to

 

where “*” denotes the conjugate transpose.

For each frequency, the standard approximation of the diagonal covariance  , where vf is the unknown variance at the fth frequency, and I is the identity matrix, in which case the likelihood function becomes



where Bf(m) represents the normalized Bartlett disqualification, which can be expressed as



To obtain a maximum likelihood estimate of the data variance by setting ∂L(m)/∂vf = 0, the maximum likelihood solution of the variance estimate can be expressed as

 

Substituting Equation (15) into Equation (13) and Equation (4), the error function E(m) becomes

 

Determining an appropriate model parameterization is another essential aspect of geoacoustic parameter inversion. Model selection involves selecting a set of parameterized models that are most consistent with the measured data based on a certain target criterion. Models for which either too many or too few parameters are specified (over-parameterization and under-parameterization, respectively) are known to have a certain impact on the inversion results (Dettmer et al., 2009; Li et al., 2012). In this study, BIC is used to select the parameterized model that is most consistent with the measured data. BIC is an asymptotic approximation of the Bayesian theorem P(d|I) of model I, and I denotes the presupposition of different inversion models. Assuming the measurement data d, the likelihood function of model I is expressed as follows



The likelihood function is replaced with the error function to obtain, where M represents the number of model parameters, N represents the number of data

 

The parameterization with the smallest BIC value was selected as the most appropriate model. According to Equation (18), the BIC value is determined by the error function, number of parameters, and number of measured data points. Therefore, minimizing the BIC provides a balance between the error value and number of parameters, identifying the simplest parameterization consistent with the resolving power of the data.



2.2 Optimised simulated annealing

Searching for the MAP values in the prior interval based on the error function is an important step in the Bayesian inversion method. Because the error function is nonlinear, multi-dimensional, and may have multiple peaks, the search process is highly challenging, and the correlation between the parameters complicates the search. Currently, most researchers apply global optimization algorithms, such as SA and GA, to search for the MAP (Dosso et al., 2001). In geoacoustic parameter inversion for a multi-layer seabed, the number of awaiting inversion parameters increases as the number of layers in the seabed increases, and the choice of the parameter prior interval also becomes more difficult. An interval range that is too large increases the difficulty, at the same time, reduces the accuracy of the results, whereas a range that is too small may not include the true value of the geoacoustic parameters in the interval. The use of traditional global optimization algorithms, owing to the lack of effective limiting measures, usually involves setting large prior intervals for the inversion, resulting in low inversion efficiency and poor results. The effective reduction of the range of the previous interval in the optimization process would enable the accuracy and efficiency of the inversion result to be effectively improved (Ohta et al., 2008).

Previous research showed that the solution to multi-layer sea environment problems led to the emergence of an objective law according to which the value of the acoustic impedance in the seabed generally increases with the depth of the seabed (Yang, 2009; Li, 2012). This law provides the possibility of narrowing the prior interval in the inversion. Therefore, the OSA we proposed is based on the SA algorithm, which is an improved SA that can be used to correct the prior interval in the process of optimizing and solving the parameters according to the acoustic impedance law of the upper and lower layers of the seabed (Xue et al., 2021). The algorithm first optimizes and solves the parameters of the lower layer, and adds constraints on the basis of the existing results to realize the accurate solution of the parameters of the upper layer. The inversion flow chart that includes the additional correction process is shown in Figure 2.




Figure 2 | Inversion flow chart reflecting the additional correction process.






3 Simulation analysis

Selecting an appropriate forward model is crucial for improving the accuracy of the inversion (Seongryong et al., 2016; Enming et al., 2018). For shallow sea environments, the seabed is regarded as a uniform and isotropic multi-layer medium, and the density ρb, compression wave speed cp, shear wave speed cs, and the two types of wave speed attenuation αp and αs are taken as the inversion objects in this study. To verify the reliability of the above-mentioned theoretical research pertaining to inversion, a simulation example was used for verification. In this example, the seabed is modelled as a two-layer elastic medium. The true values are listed in Table 1, where the source frequency is 155 Hz, the depth of the sound source zs is 20 m, the receiving depth zr is 10 m, and the depth of the sea H1 is 100 m. The transmission loss (TL) is calculated by FFM under the true value condition (Zhu et al., 2012), as shown in Figure 3. The sound waves propagating in the sound field can be regarded as the superposition of normal waves of different orders. The superposition of normal waves is related to the phase and will show interference structure. Thus, the TL at different locations is up and down, and the TL increases significantly at the 500m location due to the reverse superposition of a large number of normal positive waves.


Table 1 | Parameters used for the simulation of the sea environment.






Figure 3 | TL obtained by using the true value set in the simulation.




3.1 Model selection

The main discussion in this section is the feasibility of BIC. The sound pressure data obtained from the 2-layer model simulation is used as the validation object. Different inversion models are used to invert this set of sound pressures, When the BIC value is smallest, if the inversion results of the corresponding model best match. We considered three different versions of the inversion model: a parameterization model with one to three layers of the isotropic uniformly distributed seabed. Based on the sound pressure values obtained under the simulation conditions listed in Table 1, we used the OSA to get the BIC values corresponding to the inversion results for the different versions of the model for model selection.

The results of the study designed to select the model were obtained from the simulation analysis and are shown in Figure 4. Here, m1, m2, and m3 represent the inversion model of the one-, two-, and three-layer uniformly distributed seabed, respectively. Figure 4A shows that the simulation inversion of different models lowers the error value as the number of layers in the model increases, with the error value of the one-layered model being the largest. Figure 4B shows that the number of parameters that need to be also considered increases, which increases the uncertainty of the inversion results. BIC fully considers the balance among the error values of the model, the number of parameters, and the number of data points and selects the parameterized model most consistent with the measured data. Figure 4C shows that the model based on the initial settings determined by BIC with the best fit is the two-layer model of the uniformly distributed seabed. These results show that the BIC can be employed to select the layered model of the seabed that best fits the parameters that were initially specified.




Figure 4 | Results of the model selection study in terms of the (A) error value, (B) parameters, and (C) BIC, where m1, m2, and m3 represent the inversion model of the one-, two-, and three-layer uniformly distributed seabed, respectively.



The TL values obtained by the different inversion models are compared in Figure 5. Figures 5A–C Shows the TL comparison between the inversion model using different layered structures and the two-layer structure simulation data inversion results. The results qualitatively indicate that the inversion model of the two-layer structure is the most consistent with the initially specified model and demonstrates that BIC can select the model with the best parameterization.




Figure 5 | Comparison of transmission loss obtained by the different inversion models (A) m1, (B) m2, (C) m3. Inversion results of the simulation data of the two-layer structure using different layered structure inversion models. The blue dotted line indicates the transmission loss resulting from simulation with the true value set.





3.2 Optimisation error value by OSA

Many optimization algorithms, such as SA and GA, can optimize the error function (Bevans and Buckingham, 2016; Yang et al., 2017; Fu et al., 2018). However, application of the traditional optimization algorithm to the error function established in this study for the multi-layer uniformly layered seabed model often produces optimization results that do not conform to the actual physical laws. In addition, considering seabed stratification, the prior interval inevitably needs to be expanded. This means that the accuracy of the results obtained when the traditional optimization algorithm is optimized for the above model is greatly reduced. Because the conventional global optimization algorithms SA and GA have certain difficulties with the application of multi-layer seabed inversion, we proposed an improved algorithm (Julien et al., 2018; Li et al., 2018).

Table 2 compares the mean values and standard deviation (std) before and after the application of OSA. The results in the table indicate that the mean value of the optimization result after the application of OSA is closer to the true value obtained in the simulation, and the corresponding standard deviation is reduced; in particular, the parameters of the second seabed improved significantly. Figures 6, 7 show the PPD of the parameters of the first and second layers of the seabed, respectively. The red line represents the true value, and the blue line represents the distribution of the difference between the mean and standard deviation of the data results in the interval. These results show that the PPD distribution of the parameter inversion obtained after applying OSA is narrower. Figure 7 shows that the PPD distribution after application of the OSA is further concentrated near the true value; in particular, the improvement in the speed and density of the acoustic wave of the second seabed is more pronounced.


Table 2 | Comparison of the mean and standard deviation of inversion parameters before and after improvement of the simulated algorithm.






Figure 6 | One-dimensional marginal probability distribution of sedimentary parameters.






Figure 7 | One-dimensional marginal probability distribution of semi-infinite parameters.



Figure 8 compares the sound pressure TL curve calculated by the average value of the inversion results of each parameter before and after the algorithm was improved with the TL curve calculated using the true value. This comparison reveals that the TL curve obtained by the improved optimization algorithm is in closer agreement with the TL curve obtained with the true value, which further demonstrates the feasibility of the improved algorithm. From the interpretation of the interference phenomenon, using the normal wave theory, it can be known that the rapid increase in TL here is caused by the interference and superposition of different order normal waves at this position, and the appearance of the interference structure makes the sound field more complicated.




Figure 8 | Comparison of transmission loss of inversion parameters before and after improvement of the algorithm.






4 Measurements and results


4.1 Introduction to the experiment

The propagation characteristics of high-frequency underwater acoustic signals in small-scale environments can be used to simulate the propagation characteristics of low-frequency signals in actual large-scale sea environments (Zhang et al., 2018; Zhang et al., 2022). Compared with the original sound field, the expression of the sound field calculated by the reduced-scale experiment is only increased in equal proportion, and the characteristics of the undulation and distribution of the sound pressure field remain the same. Detailed introduction to this topic can be found elsewhere (Zhu, 2014; Zheng et al., 2019).

The accuracy of the inversion method was verified by conducting a scaling experiment. The experiment was carried out in an anechoic tank in the laboratory using polyvinyl chloride (PVC) slab (size: 153 mm × 110 mm × 10.5 mm) to simulate the elastic semi-infinite seabed. A layer of fine sand was placed on the PVC slab to simulate a shallow sea waveguide environment with elastic sediment and an elastic semi-infinite seabed with a sand thickness of 250 mm. The experimental setup is shown in Figure 9, where the sound source sensor frequency is 155 kHz, the depth of the sound source sensors zs is 200 mm, the receiving depth zr is 200 mm, and the depth of the freshwater z1 is 300 mm. The acoustic speed of the sound wave in the sea, calculated at room temperature (11.15°C) in the laboratory, was 1450.212 m·s-1. A high-frequency underwater acoustic wave was transmitted by a source (a custom-built transmitting transducer), which was installed at a fixed position at one end of the equipment. The sound wave was received by a single acoustic sensor (a standard TC4038 underwater sensor), which was attached to the mobile micro-worktable to enable the position of the sensor to be varied at equal distances. This arrangement allowed the underwater sensor to move 2 mm every time, with an error of less than 20 µm. The movement of the mobile workbench was computer-controlled for data measurement and collection. Upon completion of the measurement in one position, the worktable automatically moved to the next position, and the measurement at each position was recorded ten times to obtain the average value for each position. A total of 500 locations were selected for measurement during the experiment (Ballard et al., 2009; Zheng, 2019).




Figure 9 | Experimental setup with the measuring instruments and equipment and time domain waveform. (A) Diagram of the layout of the experimental measurement system, (B) Photographic image of the movable micro-worktable for the measurement equipment, (C) Time domain waveform arrival time, (D) Time domain waveform at position 50.



Figure 9C gives the arrival times of the 50-150 channel time domain waveforms measured by the above experimental equipment, from which the direct and reflected waves can be observed more clearly. Figure 9D shows the time domain waveform of the signal received by the hydrophone at the 50th position. Since the experiments were conducted in an anechoic environment and the noise effect is relatively small, the arrival time of the signal in the time domain waveform can be used to distinguish between direct and reflected waves. We choose the bottom reflected wave as the actual signal used in the inversion.



Model selection

The feasibility of BIC has been verified in the simulation, and this section uses the BIC criterion to select the best parameterized model for the experimental data. Three models with different hierarchical structures are still applied to invert the experimental data, and the BIC values can be calculated by combining the error values and the number of model parameters obtained during the inversion of the different models. The BIC values are solved by Equation (17), the model with the smallest BIC value is the best parameterized model.

The results of the model selection are shown in Figure 10. Figure 10A shows that the error decreases substantially when proceeding from one to two seabed layers and that this reduction is significantly less when the number of layers is increased from two to three. Figure 10B shows that the number of parameters to be considered also increases, which raises the uncertainty of the inversion results. According to Figure 10C, the optimal model determined by BIC is a two-layer uniformly distributed seabed model.




Figure 10 | Results of the model selection study: (A) Error value, (B) parameters, and (C) BIC, where m1, m2, and m3 represent the inversion model of the one-, two-, and three-layer uniformly distributed seabed, respectively.



Figure 11 shows the profile structure of the compression wave speed, shear wave speed, and variation in density with depth. The acoustic impedance at the bottom is proportional to the deep; that is, in general marine environment, the acoustic impedance increases with depth. The results indicate that the trends observed for the three different inversion models are consistent with this physical law. Moreover, increasing the stratification of the seabed does not include the “ reversal “ phenomenon in the distribution of parameters; this demonstrates the significance of OSA in searching for parameters in the prior interval. The structure of the section, with 1000 mm as the boundary, reveals an obvious structural division of the density, compression wave speed, and shear wave speed within this value. As the depth increased, each parameter tended to a certain value, and the change in the compression wave was particularly obvious.




Figure 11 | Density, compression wave speed, and shear wave speed profiles from the model selection study, where m1, m2, and m3 represent the inversion model of the 1-layer, 2-layer, and 3-layer uniformly distributed seabed, respectively. (A–C) Relationship of cp, cs, and ρ with depth, respectively.





4.3 Inversion results and uncertainty analysis

The BIC optimization results demonstrate that the two-layer uniformly layered seabed model is the most consistent with the experimental results. The inversion results of this model are therefore analyzed and discussed in this section. Figure 12 compares the TL between the inversion data of the MAP model and the data acquired by conducting experimental measurements, the TL obtained by inversion uses the same source frequency as the experimental data. Figure 12 shows that Comparison of the transmission loss between the measured data and the inversion data, Table 3 lists the prior inversion intervals and the mean of the inversion results. The density of the polyvinyl chloride (PVC) slab that was used to simulate the semi-infinite seabed is known to be 1.20 g·cm-3, and the thickness of the sediment, simulated by sand in our experiments, is approximately 250 mm. The average density of the semi-infinite seabed obtained by inversion was 1.21 g·cm-3, and the average thickness of the sedimentary layer was 249.69 mm. The results show that the inversion results were consistent with the experimental results.




Figure 12 | Comparison of the transmission loss between the measured (dashed blue trace) and the inversion data (solid red trace).




Table 3 | Results of the measured inversion data.



In addition, we compared the inversion results with those obtained in the simulation of a semi-infinite seabed with a plate of the same material. The inversion results showed that the speed of the compression wave and the shear wave was 2399.36 m·s-1 and 1242.97 m·s-1, respectively. Considering that the sediment layer was replaced by fine sand and that there were many uncertain factors, such as the uniformity of the fine sand, errors would inevitably exist. Thus, the inversion results obtained for the speed of the compression wave and the shear wave of the semi-infinite seabed in this study were basically the same. It further verified the correctness of the inversion method proposed in this paper.

The uncertainty analysis of each parameter obtained by the inversion is helpful to judge the difficulty of accurate inversion of each parameter. The estimated value obtained by the OSA method was used as the initial model for sampling, and the PPD numerical integration solution of the parameters was obtained using the MHS method. The one-dimensional probability distribution map of the parameters corresponding to the two-layer uniform seabed distribution model is shown in Figures 13, 14, where the red solid line represents the MAP value of each parameter, and the blue line represents the distribution of the difference between the mean and standard deviation of the data result in the interval. In the figure, the one-dimensional marginal probability distribution of the parameters in the sedimentary layer and the semi-infinite seabed follows a normal distribution in the prior interval. The distribution of the sedimentary parameters is narrower than that of the semi-infinite seabed, indicating that these parameters are more sensitive. From the point of view of a single parameter, the distributions of cp2, cs2, and cs3 are narrow. This shows that the parameter can be well distinguished, and the uncertainty is small; in contrast, cp3 and the results of the wave speed attenuation distribution in each layer are poor, indicating that the uncertainty of this parameter is relatively large and that the parameter is not easy to determine.




Figure 13 | One-dimensional marginal probability distribution of sedimentary parameters.






Figure 14 | One-dimensional marginal probability distribution of semi-infinite parameters.



The inversion of the geoacoustic parameters is a multi-parameter optimization problem; the parameters are coupled with each other, and the correlation between the parameters directly affects the inversion results and increases the uncertainty in the parameters that need to undergo inversion. Therefore, we considered it necessary to analyze the extent to which the inversion parameters are correlated. The parameter correlation matrix (Figure 15) shows a strong positive correlation between αs2 and cp3. In addition, cs3 and αp3 are also strongly positively correlated, and this also holds for cp2 and ρb2. In contrast, αs2 and ρb2 have a negative correlation, and a strong negative correlation exists between h2 and ρb2 and ρb3.




Figure 15 | Correlation matrix diagram between inversion parameters.



Figure 11 shows the profile structure of parameters, which is intended to represent the depth distribution of parameters corresponding to the MAP, in which each parameter is a specific value. However, what we want to show in Figure 16 is the two-dimensional edge probability density distribution of parameters changing with depth, highlighting that the two-dimensional edge probability density of different layers and parameters is different, while the distribution range of color represents the probability density distribution, that is, the uncertainty of parameters. Figures 16A–C shows the two-dimensional edge probability distribution of the compression wave speed, shear wave speed, and density with depth to express the relationship among these parameters more intuitively and accurately. Because the inversion parameters are related to those of the sedimentary layer and lower seabed, the two-dimensional edge probability density distribution starts from the sedimentary layer. The results showed that, compared with the semi-infinite seabed, the probability distribution of the compression wave speed, shear wave speed, and density of the sedimentary layer were narrower and less uncertain, which further indicated that the parameters of the sedimentary layer were more sensitive.




Figure 16 | Two-dimensional marginal probability distribution. (A-C) two-dimensional edge probability distribution of compression wave speed, shear wave speed and density with depth.






5 Conclusions

The nonlinear Bayesian inversion method is not only valuable for effectively estimate the MAP model of the seabed parameters and analyzing the uncertainty in these parameters from a statistical point of view. In this study, our method based on nonlinear Bayesian inversion theory was employed for the inversion of geoacoustic parameters, which enriches and improves the related fields of geophysics and sea acoustics. Furthermore, the proposed method has essential prospects for practical application to seabed resource exploration, sea environment detection, sea engineering, and sea development. Specifically, in this study, a nonlinear Bayesian inversion method was used to invert the pressure field created by underwater sound wave as detected by underwater sensors. We varied the number of layers in the seabed in the parameterized models that we considered. Then, the optimal model was selected using the BIC, and the uncertainty in the inversion results was analyzed. The following conclusions were drawn:

	(1) Bayesian inversion of the pressure field of sound can be used to obtain the parameters that define the seabed. The optimal model determined by BIC is a two-layer uniform seabed distribution model, which is consistent with the experimental results, The TL comparison results also prove the feasibility of the inversion method.

	(2) With the aim of developing a nonlinear Bayesian inversion method based on the multi-layer seabed model, in the context of the research discussed in this article, the OSA was able to compute the estimated value of MAP efficiently and accurately, and avoided the phenomenon of parameter “reversal” in the multi-layer seabed model. OSA can improve the accuracy of the inversion results, which is verified in the simulation.

	(3) The uncertainty analysis of the inversion results enabled us to conclude that, compared with the compression wave speed attenuation, shear wave speed attenuation, and density, the uncertainty in the compression wave speed and shear wave speed is smaller when the inversion of the sound pressure field is used for the calculation, and these parameters have greater sensitivity. Compared with those in the case of semi-infinite seabed, the sediment layer parameters are more sensitive and less uncertain.
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