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Gravity exploration method is one of the important methods for deep mineral resource exploration, but gravity data inversion has limited resolution ability in the vertical direction. In order to improve the vertical resolution of gravity data inversion, we propose a binary structure constrained gravity inversion method based on seismic first arrival travel time data. This method effectively reconstructs a density model with high vertical resolution by transferring the structural information of a high-resolution velocity model reconstructed by seismic data inversion to gravity data inversion through the binary structure constrained technique. This strategy eliminates the need to integrate both gravity and seismic methods into a single inversion framework, avoiding both the difference in convergence speeds between the two methods, as well as getting rid of the complexity associated with calculating structural coupling terms. Theoretical simulations show that the fuzzy c-means cluster analysis technique can accurately extract the target region of the velocity model reconstructed by seismic data inversion. Under the constraint of seismic structural information, the resolution of reconstructed density model is much higher than that of separate gravity data inversion, which proves that high resolution seismic information can improve the vertical resolution of gravity data inversion. Compared with the traditional cross-gradient joint inversion, the binary structure constrained gravity inversion method can further improve the resolution of the density model, especially in the reconstruction of the anomaly interface, which verifies that the method has certain effectiveness.
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1 INTRODUCTION
Gravity exploration is characterized by great depth, low cost and high efficiency, and has been widely used in the study of the internal structure of the earth’s crust and the exploration of the distribution of deep minerals and oil and gas resources (Guillen and Menichetti, 1984; Li and Oldenburg, 1998; Nabighian et al., 2005; Nabighian et al., 2010; Afshar et al., 2018; Yan et al., 2020; Ming et al., 2021). Gravity anomaly information is a comprehensive reflection of all density information of the stratum from top to bottom, so much so that the vertical resolution is not high, and only by stripping away the influence of the surface and shallow layers can the information of the specified destination layer be obtained. However, seismic data have high vertical resolution, which enables good stratification and provides reliable stratigraphic information. Therefore, high resolution seismic method can provide more accurate vertical structural information for gravity methods and reduce the multi-resolution of gravity data inversion. However, how to incorporate these high precision structural information into gravity data inversion has been a challenging task for geophysicists.
In recent years, in order to improve the density resolution of gravity inversion, a large number of joint inversion studies of gravity data and other geophysical data have been carried out, and at present the joint inversion methods are mainly classified into two main categories, one of which is the structural coupling method, and the structural coupling joint inversion aims to improve the structural similarity between different models by defining the metrics of the model structure and minimizing the structural differences between the two models. The joint inversion results obtained based on the structural coupling method show high structural consistency, and the cross-gradient is a representative of this type of method, which has been widely used in the joint inversion of gravity and other geophysical data (Fregoso and Gallardo, 2009; Moorkamp et al., 2011; Pak et al., 2017; Gross, 2019; Zhang et al., 2020; Tavakoli et al., 2021). Subsequently, the structural coupling method was further improved, structural coupling functions such as Gramian determinant (Zhdanov et al., 2012), dot product function (Molodtsov et al., 2011) and cosine dot product gradient function (Zhang et al., 2022) are proposed. The idea of the above functions is to obtain a subsurface model with higher structural consistency, but the constraint effect of this coupling method is relatively weak (Lelievre et al., 2012).
The other is the rock physical coupling method, which is used to improve the linear or nonlinear correlation between different physical parameters by incorporating some statistical rock physical information into the deterministic inversion. When there is a physical parameter relationship, the relationship can be used to constrain different physical parameter inversion methods, and the strength of this constraint is much higher than that of the structural coupling method (Niwlawn and Jacobsen, 2000; Afnimar et al., 2002; Moorkamp et al., 2011; Heincke et al., 2017). When the relationship equation of physical property parameters does not exist, the statistical petrophysical information can also be integrated into the deterministic inversion objective function through the fuzzy clustering related function, and the known statistical petrophysical information can be used to infer the physical properties of the unknown region (Lelievre et al., 2009; Carter McAuslan et al., 2015; Sun and Li, 2016; Rongzhe et al., 2023). This type of coupling has stronger constraints than structural coupling, but is weaker than the case where physical parameter relationships exist. The petrophysical-based coupling method is totally dependent on the completeness and accuracy of the petrophysical information, which shows some limitations.
The above coupling-based joint inversion method can improve the vertical resolution of the density model to a certain extent. However, the implementation of this strategy needs to consider the integration of different methods, and there is bound to be the problem of inconsistent data convergence rate of different methods, which directly affects the constraints on the model parameters, and the results of the joint inversion reconstruction may not be in line with the expectations. At the same time, it is also necessary to consider the relative weights between different data sets, the size of the weights may depend on the quality of different data and the sensitivity of the model parameters, etc. Only by adjusting the appropriate weight factors to balance the relationship between the various items can ensure that the joint inversion of the convergence of the stability. In addition, it is also necessary to consider the effect of the order of magnitude difference of different model parameters, different model parameters have different order of magnitude, if they are coupled directly, it will affect the coupling effect of different model parameters and the inversion results. Therefore, the synchronized joint inversion is a relatively complicated inversion algorithm.
How to quickly reconstruct a high-precision density model, we utilize the velocity model reconstructed from seismic data as the spatial constraint information to constrain the gravity inversion, and propose a new binary structure constrained gravity inversion method based on seismic data, and this method does not need to fuse seismic and gravity into a joint inversion framework. First, the subsurface velocity model was obtained by inverting the seismic first arrivals travel time data; Secondly, the velocity model is divided into target and background regions by fuzzy c-means analysis technique to form a binary constraint model, where all the cells in the target region are set as 1 and all the cells in the background region are set as 0. Then, under the constraint of binary constraint model, the Gaussian Newton method is used to optimize the objective function of gravity data inversion. Finally, we verify the effectiveness and accuracy of the new algorithm by theoretical simulation.
The remainder of the paper is organized in the following order. Section 2 introduces the traditional inversion principle and the gravity inversion principle based on binary constraints. Section 3 analyzes the effectiveness of the binary structure constraint gravity inversion method and compares it with the cross-gradient structure constraint. Finally, Section 4 concludes the paper.
2 INVERSION METHODS
2.1 Single inversion algorithm
The inversion problem can be understood as the search for a physical parameter model that matches the actual subsurface conditions while satisfying the data misfit requirements. In order to avoid problems such as instability and multiple solutions caused by solving pathological inverse problems, the inverse equations are usually solved by the Tikhonov and Arsenin. (1977) regularization method. First, we construct the gravity and seismic first arrival travel time inversion objective functions containing the data misfit term and the model constraint term, respectively, with the following expressions:
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Where, [image: image] and [image: image] represent the gravity and seismic forward response, respectively; [image: image] and [image: image] represent density and velocity models, respectively; [image: image] and [image: image] represent observational data for gravity and seismic, respectively; [image: image] and [image: image] represent the diagonal inverse matrices of gravity and seismic data noise errors, respectively; [image: image] and [image: image] represent the gravity and seismic model smoothing matrices, respectively; [image: image] and [image: image] represent reference models for density and velocity models, respectively; [image: image] and [image: image] represent the regularization factors for gravity and seismic methods, respectively.
For the gravity method (Singh, 2002), the forward response expression is a linear equation which can be expressed as:
[image: image]
For the seismic first arrival travel time method (Vidale, 1988), the forward response expression is a nonlinear equation, and the nonlinear problem needs to be transformed into a linear problem in the inverse solution process.
[image: image]
Where, A1 and A2 represent the Jacobi matrices for gravity and seismic methods, respectively. k represents the number of inversion iterations.
By taking the extremes of the inverse objective function Eq. 1 and Eq. 2 respectively. We are able to obtain the expression of the Gaussian Newton method model for the k+1 iteration.
For the gravity method, the model expression for the Gaussian Newton method for the k+1 iteration is given below:
[image: image]
For the seismic first arrival travel time method, the model expression for the Gaussian Newton method for the k+1 iteration is given below:
[image: image]
Gravity inversion usually produces skinning effect, which leads to the phenomenon that inverted anomalies are concentrated at the surface, in order to ameliorate the effect of skinning effect, we add a depth-weighted matrix to the smoothing constraint matrix (Li and Oldenburg, 1996).
2.2 The binary structure constrained gravity inversion base on seismic data
We firstly execute the seismic first arrival travel time inversion, and obtain the velocity model by solving the Gaussian Newton optimization of the objective function using Eq 6. The velocity model reconstructed from the seismic inversion is used as the guided model, and the fuzzy c-means clustering technique (Windham, 1982) is utilized for the extraction of target regions from the guided model. The extraction process is as follows:
We give the expression for the FCM objective function as follows:
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Where, [image: image] indicates the i model cell, M indicates the number of model cells, C indicates the number of clusters, [image: image] indicates the clustering center of the jth cluster, q indicates fuzzy coefficients, usually set to 2, [image: image] indicates the class affiliation of the i model cell to class j clusters, the membership is between [0, 1].
In Eq 7, the model cell mi is known, we need to find the membership matrix ui and the clustering centers vij. Take the partial derivatives of the FCM objective function with respect to the membership and the clustering center respectively, i.e. [image: image], [image: image], the final membership and clustering center can be obtained by the iterative form, which is expressed as follows:
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In summary, the solution process of the FCM technique can be summarized in the following steps:
1) Initialize the membership matrix u with a random number between 0 and 1 such that it satisfies Eq 8 and initialize the cluster centers v;
2) Calculate the objective function Eq 7, if the objective function is less than the preset threshold, then end the clustering iteration; if it is greater than the threshold, then continue the iteration;
3) Calculate the membership matrix u Eq 10 and the clustering center v Eq 11, then return to step 2) to continue the iteration.
The above FCM technique extracts the classification of the speed model to obtain the clustering center [image: image], and then calculates the absolute value of the difference between the clustering center [image: image] and the background value of the speed model m2b ((| [image: image]-m2b|), and takes the minimum value as the threshold ξ. Then, when | [image: image]-m2b| < ξ (i = 1, 2,···, M), set Qi = 0, and the others set Qi = 1, here Q is called the binary constrained model matrix, and it is a matrix consisting of only 0 and 1, [image: image].
Finally, under the binary constraint, the gravity inversion calculation involves only the model parameters corresponding to the target region, and the model cells of other regions can be directly populated by the background model parameters, and the density model update equation after the binary constraint can be obtained by using the Gaussian Newton method to optimize the solution of the inversion objective function of the gravity data (Eq 1):
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The density model is subjected to binary constraints at each iteration until the data misfit meets the desired value or the number of iterations is maximized, thus ending the computation and obtaining the inversion results.
3 NUMERICAL EXAMPLES
3.1 Analysis of the effectiveness of a binary structure constrained gravity inversion method based on seismic data
In this section, we perform separate gravity inversion and gravity inversion with binary structure constraints based on seismic data to verify the accuracy of the proposed algorithm through comparative analysis. We design a combined model, which consists of three anomalies of different sizes, the real velocity and density models are shown in Figure 1.
[image: Figure 1]FIGURE 1 | The first synthetic model including three targets with different size and burial depths. (A) The real density model; (B) The real velocity model.
The theoretical model has a background area of 6 km × 3 km, a background velocity of 4000 m/s, and a background density of 0 g/cm3. The shallow anomalies located in the upper left and upper right of the model are both 2 km × 0.6 km, with velocities of 3000 m/s and densities of −0.3 g/cm3, while the deep anomalies located in the lower part of the model are 6 km × 2.2 km, with velocities of 5000 m/s and densities of 1 g/cm3. The seismic method is to bury the seismic sources at a depth of 50 m below the ground, with a total of 9 sources, and place two sets of equipment containing 15 receivers in the left and right wells at 1.5 km and 4.5 km, respectively, with a spacing of 200 m. The gravity has a total of 30 observation points, which are uniformly distributed on the survey line from 0 to 6 km. The number of subsurface grid sections is 70 × 30 for both seismic and gravity methods.
Two strategies are used for the reconstruction of the density model, one is the separate gravity inversion and the other is the gravity inversion based on the binary structural constraints of the seismic data. The initial velocity and density models set in the inversion calculation are both background models.
Firstly, the separate gravity inversion (Grv_sep) is performed, and the inversion is stopped after 10 iterations, and the reconstructed density model is shown in Figure 2A. The reconstructed density model from the separate gravity inversion has only a general outline, and shows large deviations in the anomaly ranges in both the deep and shallow parts, especially in the density physical values. Despite the good convergence performance of the inversion, the anomaly shape and boundary are poorly recovered and the vertical resolution is more limited. Secondly, we perform gravity inversion based on binary structure constraints (Grv_bs_joint). The velocity model obtained from seismic inversion is divided into target region and background region by FCM technique to form a binary constraint model, where all the model cells in the target region are set to 1 and all the model cells in the background region are set to 0. Then, under the constraints of the binary constraint model, the objective function of the gravity data inversion is optimized and solved using Gaussian Newton method. The seismic inversion is stopped after 8 iterations and the velocity model obtained is shown in Figure 2B. The binary constraint model obtained based on the extraction of the target region by FCM technique is shown in Figure 2C. The gravity inversion with binary structure constraints is stopped after 10 iterations and the density model obtained is shown in Figure 2D.
[image: Figure 2]FIGURE 2 | The reconstruction density model of different methods for the first synthetic model. (A) Separate gravity inversion results; (B) Separate seismic inversion results; (C) Binary constraint model; (D) Binary structured constrained gravity inversion results.
In Figure 2B, the seismic inversion results show strong vertical resolution ability, which can effectively distinguish deep and shallow anomalous areas. It is more reliable to take the velocity model as the a priori information. In Figure 2C, the target area extraction results based on the FCM technique are also more accurate, and the size range of the target area matches the seismic inversion results. In Figure 2D, the gravity inversion with binary structure constraints has a better match with the real model in terms of the shape size and density value of the anomalies, and the boundary of the anomalous body is more clearly portrayed, with a greater improvement in the resolution in the vertical direction.
We also determine the quality of the reconstructed inversion model by introducing the model root-mean-square error (RMSE), defined as:
[image: image]
Where, [image: image] is the real model physical property value of the ith cell; [image: image] is the inversion model physical property value of the ith cell.
We calculated the root-mean-square error between the reconstructed density model and the real density model as shown in Table 1. From these values, it can be seen that the root-mean-square error of the model obtained by the binary structure constrained gravity inversion algorithm is smaller than that obtained by separate gravity inversion method. This indicates that the resolution of the density model reconstructed by the binary structure constrained gravity inversion algorithm is higher than separate gravity inversion method.
TABLE 1 | Root-mean-square errors between reconstructed and real models for different gravity inversion algorithms(RMSE).
[image: Table 1]3.2 Comparative analysis of binary constraints and cross-gradient structural constraints
In this section, we verify the effectiveness of the proposed algorithm by comparing and analyzing the reconstruction ability of binary structure constraints and cross-gradient structure constraints on the density model. We design a rectangular combination of two rectangular bodies of different sizes, the real density model is shown in Figure 3A, and the real velocity model is shown in Figure 3B.
[image: Figure 3]FIGURE 3 | The second synthetic model including two targets with different size and burial depths. (A) The real density model; (B) The real velocity model.
The background region has a size of 8 km × 3 km and background velocities and densities of 4000 m/s and 0 g/cm3, respectively. The target region contains two rectangular anomalies, the upper rectangle has a size of 2 km × 0.5 km and velocities and densities of 3000 m/s and 0.7 g/cm3, respectively. The size of the lower rectangle is 4 km × 0.7 km, and the velocities and densities are 5000 m/s and 1 g/cm3, respectively. The gravity has a total of 29 observation points, which are uniformly distributed on the survey line of 0–8 km. We dissect the model into 80×30 horizontal and vertical cells, each of size 100×100 m.
We directly use the real velocity model as the a priori structural information, and then reconstruct the density model by separate inversion, cross-gradient joint inversion, and binary structure constrained inversion. In all inversion methods, the initial density model is the background density model.
We first perform a separate gravity data inversion. The separate inversion is stopped after 5 iterations and the reconstructed density model is shown in Figure 5A. The final misfit of gravity data is 0.624, as shown by the red solid line in Figure 6. As expected, the reconstructed density model does not clarify the location and geometry of the target, and the anomaly boundaries are not clear enough to distinguish the upper and lower anomalies, which is usually due to the limited vertical resolution of the gravity data. In the iteration of the cross-gradient joint inversion algorithm, we fixed the velocity model in each iteration and structured the constrained density model by the cross-gradient function (Grv_cs_joint). The algorithm was stopped after 5 iterations, which took about 21.4 s. The reconstructed density model is shown in Figure 5B. The final misfit of gravity data is 0.699, as shown by the blue solid line in Figure 6. We find that the density model obtains a structural constraint effect at the boundary of the velocity model anomalies and can recover the sharp boundary of the two rectangular anomalies, but the structural constraint effect is poor outside the target region, mainly due to the fact that there is no gradient change of the velocity value of the velocity model outside the target region, and the value of the cross-gradient in the region is always zero, which leads to the cross-gradient function not acting as structural constraints, and thus a pseudoanomaly occurs outside the rectangular anomalies. Therefore, there is a false anomaly outside the rectangular anomaly, which is structurally different from the real density model. This phenomenon also shows that the cross-gradient joint inversion algorithm should be used with caution when there is a big difference in the convergence speed of different geophysical methods.
In the binary structure constrained gravity inversion algorithm, we abandon the traditional threshold method to distinguish the background region and the target region, but through the FCM clustering technique to extract the target region of the real velocity model, we set the number of clusters C = 2, and constantly update the clustering center, and finally the target region and the background region are divided into two categories, the red region is the target region, and the blue region is the background region, as shown in Figure 4. We use the acquired target region as the a priori structural information for the gravity inversion. Meanwhile, the gravity inversion is computed only in the target domain, and the background domain is kept unchanged. The algorithm stops after 8 iterations and takes about 11.9 s. The reconstructed density model is shown in Figure 5C. The final misfit of gravity data is 0.873, as shown by the black solid line in Figure 6. We find that the reduction of the inversion solution space reduces the gravity inversion multiplicity, resulting in a reconstructed density model that is closer to the real model. Compared with the cross-gradient constrained joint inversion algorithm, more accurate values of spatial geometry and physical parameters of the anomalies are obtained, which improves the vertical resolution of the gravity inversion. Meanwhile, the computation time is reduced because of the lower dimensionality of the reconstructed parameters and the elimination of the structural coupling terms between different model parameters.
[image: Figure 4]FIGURE 4 | The binary constraint model obtained based on the extraction of the target region by FCM technique.
[image: Figure 5]FIGURE 5 | The reconstruction density model of different methods for the second synthetic model. (A) Separate gravity inversion results; (B) Cross-gradient joint inversion results; (C) Binary structured constrained gravity inversion results.
[image: Figure 6]FIGURE 6 | Gravity data inversion data misfit iteration curves.
We also determine the quality of the reconstructed inversion image by introducing the model root-mean-square error. We calculated the root-mean-square error between the reconstructed density model and the real density model as shown in Table 2. From these values, it can be seen that the root-mean-square error of the model obtained by the binary structure constrained gravity inversion algorithm is smaller than that obtained by other algorithms. This indicates that the resolution of the density model reconstructed by the binary structure constrained gravity inversion algorithm is higher than that of other conventional methods.
TABLE 2 | Root-mean-square errors between reconstructed and real models for different gravity inversion algorithms(RMSE).
[image: Table 2]4 CONCLUSION
We develop a binary structure constrained gravity inversion algorithm based on seismic first arrival travel time data. The fuzzy c-means clustering technique is used to extract the target region of the velocity guided model, and the obtained target region is used as the gravity inversion region. Two synthetic examples are used to analyze the accuracy and effectiveness of the binary structure constrained gravity inversion method. Our results show that the cross-gradient structurally constrained joint inversion does not reconstruct the density model well when the reference model is fixed, and the method is more suitable for joint inversion calculations of two geophysical methods with similar convergence speeds to try to avoid too large a difference in convergence speeds. The binary structure constrained gravity inversion only performs the inversion calculation in the target region, which effectively reduces the dimension of the inversion solution space, and thus reduces the inversion multisolution. Compared with the separate gravity inversion and the cross-gradient joint inversion, the proposed method obtains more accurate values of spatial geometry and physical parameters of the anomalies, which further improves the vertical resolution of gravity inversion. The algorithm proposed in this paper is not only applicable to gravity method, but also can be extended to magnetic and electromagnetic methods, which can effectively improve the resolution of magnetization and resistivity model reconstruction.
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