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The ultra-deep fault-karst structure discovered in the Tarim Basin in Western China is a fractured-vuggy carbonate reservoir with great potential for development. The diffraction generated by fractures, small-scale caves and vugs is often used for reservoir identification and seismic interpretation. Since the diffraction is much weaker than the reflection, it is difficult to separate the diffraction from the full wavefield. We use a plane-wave destruction (PWD) filter to extract the diffraction from the full data. In order to obtain a high-accuracy and amplitude-preserving imaging profile, we use the least-squares reverse time migration (LSRTM) method to image the separated diffraction. The large amount of calculation is the most challenging problem of the LSRTM algorithm. In view of this, we develop an adaptive sampling strategy to improve computing efficiency and reduce memory requirement. We use a fault model, a vugs-fractures model, and a fault-karst model to demonstrate the effectiveness and practicability of the proposed method. The numerical examples show that the proposed method can enhance the imaging resolution of the fault-karst structure and save computing cost without losing accuracy. In addition, a test on field data processing demonstrates the advantages of our algorithm.
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INTRODUCTION
The marine carbonate reservoirs have produced abundant oil and gas resources globally (Loucks and Anderson, 1985; Soudet et al., 1994; Tian et al., 2016). Their formation is related to faulting and dissolution. Different from conventional fractured carbonate reservoirs, the ultra-deep fault-karst reservoirs discovered in the Shunbei area of the Tarim Basin are controlled by large-scale faults, karstification and deep hydrothermal reforming (Li et al., 2019). The reservoirs are dominated by various irregular vugs and fractures occurring along the large-scale strike-slip faults or the associated secondary faults. According to structural features and controlling factors, Lu et al. (2015) first proposed the theoretical concept of fault-karst traps, and divided the fault-karst reservoirs into three categories. Ma et al. (2019) summarized the reflection characteristics of the fault-karst structure using forward modeling, which provides guidance for its identification. However, due to deep burial depth and complex inner structure, the diffraction generated by vugs or fractures is much weaker than the reflection, making it difficult to obtain high-resolution seismic imaging profile (Khaidukov et al., 2004; Kong et al., 2017). Furthermore, the large amount of computational cost caused by large-scale and high-precision imaging process is inevitable. In view of the above, a more accurate and efficient imaging method is needed to support the exploration and development of the ultra-deep fault-karst reservoirs.
Separating the diffraction from full wavefield is very important for the high-resolution imaging of the fault-karst structure. The differences between reflected waves and diffracted waves in kinematics are substantial in the common-shot gathers, which allows us to extract the diffraction from the shot records (Landa et al., 1987). Dip filtering (Bansal and Imhof, 2005), focusing and defocusing (Khaidukov et al., 2004) hybrid Radon transform (Klokov et al., 2010), and PWD filtering (Fomel, 2002; Taner et al., 2006) have been developed for separating diffraction. These methods utilized the fact that the travel time curve of the diffracted wave is quasi-parabolic in the common-shot gathers while the reflected wave is quasi-linear. The PWD filtering method can effectively eliminate artifacts and retain more diffraction energy. Therefore, it has been successfully applied to several 3D field datasets (Burnett et al., 2015; Tyiasning et al., 2016). Another advantage of the PWD filtering method is that the separated diffraction can be directly used for pre-stack migration, avoiding complex data processing.
Reverse time migration (RTM), which is based on two-way wave equation, can effectively migrate reflection data and describe subsurface geological structures (Baysal et al., 1983; Sun and McMechan, 1986). LSRTM can be regarded as the optimization algorithm of RTM. It employs the least-squares inversion theory that continuously fits the error between the linear demigration data and the observed data (Tarantola, 1984; Nemeth et al., 1999; Dai et al., 2012). Compared to RTM, LSRTM can improve migration resolution, balance imaging amplitude, and reduce image artifacts (Dutta and Schuster, 2014; Yang et al., 2019). Nevertheless, this algorithm requires a huge amount of storage space and computational effort. Some researchers have tried to use different acceleration algorithms to improve LSRTM, such as multi-source and plane-wave encoding methods (Dai et al., 2012; Huang and Schuster, 2012; Dai and Schuster 2013). However, the crosstalk noise caused by different sources is hard to be eliminated.
Variable-grid methods, which are implemented by decreasing the grid points of a model, can reduce memory costs and improve computational efficiency (Moczo, 1989; Jastram and Behle, 1992; Fan et al., 2015; Huang et al., 2015). Several variable-grid methods have shown their potential in imaging. Li et al. (2014) developed a dual-variable grid algorithm and applied it to RTM. Li et al. (2017) introduced the idea of pseudo-time domain (Alkhalifah, 2003; Ma and Alkhalifah, 2013) into LSRTM, which improves imaging efficiency by reducing vertical grid points (Wang et al., 2020). Proposed an adaptive grid discretization strategy and applied it to 3D LSRTM. Most variable-grid methods always resample a local region. Due to the inherent difficulty of automatically discretizing spatial grid, local variable-grid methods have not been widely used in seismic data processing.
Diffraction extraction, high-resolution imaging, and cost control are key to accurate exploration of the ultra-deep fault-karst reservoirs. In this paper, we first apply the PWD filter method (Taner et al., 2006) to extract the diffraction from the full wavefield. Then, the diffraction-based LSRTM (D-LSRTM) algorithm are used to image the diffraction. In order to improve the computing efficiency, we develop an efficient variable-grid D-LSRTM method based on a globally adaptive sampling strategy (AS-D-LSRTM). Finally, four numerical tests are used to prove the effectiveness and robustness of the proposed method.
The complete workflow of the AS-D-LSRTM method is divided into the following steps: 1) separating the diffraction from the full wavefield by PWD filter method; 2) performing irregular grid discretization applying adaptive sampling; 3) imaging the diffraction using LSRTM.
The Principle of Diffraction Separation
In the common-shot gathers, the reflection and the diffraction generated by a point source share similar kinematic characteristics, which are difficult to be distinguished (Landa et al., 1987). While when the incident wave is a plane wave, the travel time curve of the reflected wave can be written as:
[image: image]
where [image: image] denotes the travel time and [image: image] denotes the medium velocity. The specific meaning of [image: image] and [image: image] is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Comparison of the reflection and the diffraction. As illuminated by the plane wave source, the seismic response of the reflection is linear while the response of the diffraction is hyperbolic.
The travel time curve of the diffracted wave can be expressed as:
[image: image]
According to Eqs. 1, 2 and Figure 1, the seismic response of the reflection is linear while the response of the diffraction is hyperbolic. Therefore, we can separate the reflection and the diffraction based on the difference of kinematic properties in plane-wave gathers. Firstly, we convert the common-shot gathers into common ray-parameter gathers using tau-p transform (Kappus et al., 1990; Zhang et al., 2005). The tau-p transform equation can be expressed as:
[image: image]
where [image: image] denotes the seismic shot records in the time-offset [image: image] domain, and [image: image] is the so-called plane-wave gathers with ray parameter [image: image] and time axis [image: image]. Then we use the PWD wave filter proposed by Fomel (2002) to estimate the local dip angle of the diffracted wave and separate it in the tau-p domain. After that, we use the inverse tau-p transform to get the diffraction wavefield in the time-offset domain. The inverse tau-p transform equation is expressed as:
[image: image]
where [image: image] denotes the shot records of the diffracted wave.
Adaptive Sampling Strategy
In Tarim Basin, where the fractured-vuggy carbonate reservoirs are extensively developed, the surface is often covered by desert and gravel layers with low velocity. In forward modeling and migration, a fine spatial grid must be used to avoid numerical dispersion. However, for the deep region with high velocity, using fine grid is a waste of computing resources. We use an adaptive sampling strategy to solve the above problem.
As shown in Figure 2, the horizontal axis denotes depth and the vertical axis represents vertical grid interval. The black dots on the x-axis denote initial vertical grid points. The black solid line denotes initial vertical grid interval, which is fixed. According to the medium velocity and the dominant frequency of the source, we use Eq. 5 to recalculate the optimal vertical grid interval (The red solid line in Figure 2):
[image: image]
where [image: image] denotes the minimum velocity along the depth axis z, [image: image] is the dominant frequency of the source wavelet, and [image: image] denotes the optimal vertical grid spacing.
[image: Figure 2]FIGURE 2 | Diagrammatic sketch of the adaptive sampling method.
We use a rectangular sampling method (Wang et al., 2020) to resample the initial migration model. Firstly, we set a small trial step from [image: image] and increase it continuously to get the first grid point [image: image], where [image: image]. Then we repeat the previous step to get the second grid point [image: image], where [image: image]. Finally, we repeat the above process to the max depth and obtain a new model. The vertical grid interval of the new model is irregular and it varies with velocity. Note that there is a mapping relationship between the initial model and the new model, we use two different coordinate systems to express it: 
[image: image]
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where [image: image] and [image: image] are the coordinate variables in coordinate system [image: image], [image: image] and [image: image] are the coordinate variables in coordinate system [image: image]. The initial model is located in [image: image] and the new model is located in [image: image]. The derivation process of the mapping relationship is shown in Supplementary Appendix SA.
The acoustic wave equation in 2D heterogeneous isotropic medium in coordinate system [image: image] can be written as:
[image: image]
where u denotes acoustic pressure field, t denotes time, ρ denotes medium density, v denotes acoustic velocity, and [image: image] denotes source function.
Substitute Eq. A-9 and A-10 into Eq. 8, we get the expression of Eq. 8 in coordinate system [image: image]:
[image: image]
where [image: image] and [image: image] they can be solved by finite-difference method.
Compared to Eq. 8, one term is added to Eq. 9, which increases the computational cost for one grid point. In fact, the omission of the extra term has little effect on the final imaging results. Therefore, Eq. 9 is further simplified as:
[image: image]
Review of the Principle of LSRTM
LSRTM is considered to be a true amplitude imaging method, which can improve imaging resolution, reduce artifacts, and meet the demand for lithological interpretation.
As shown in Eq. 11, the seismic wavefield satisfies the superposition principle:
[image: image]
where [image: image] denotes total wavefield, [image: image] denotes background wavefield, and [image: image] denotes perturbation wavefield.
Similarly, the velocity model can be regarded as the superposition of a perturbation model and a smoothed background model,
[image: image]
[image: image] obeys Eq. 10:
[image: image]
Substitute Eq. 11 and Eq. 12 into Eq. 10, subtract Eq. 13, and apply Born approximation (Dai et al., 2012), we can obtain the control equation of 
[image: image]
Eq. 14 is the Born (linearized) forwarding modeling equation, and it can be rewritten as a matrix:
[image: image]
where [image: image] is the Born forwarding modeling operator, [image: image] denotes model parameter, and [image: image] denotes the Born-modeled data. We can get the migration image by using the the RTM operator:
[image: image]
where [image: image] represents the imaging result. [image: image] denotes the RTM operator, which is the conjugate transpose of [image: image].
The goal of LSM theory is to minimize the objective function, which is defined as:
[image: image]
where [image: image] is the objective function, [image: image] denotes the observed data, and [image: image] is the L2-norm of a vector.
We use a conjugate-gradient algorithm (Dai et al., 2012) to solve the model parameter [image: image], which is formulated as:
[image: image]
where [image: image] and [image: image] denote iteration index and conjugate transpose of a matrix, [image: image] and [image: image] represent gradient and correction coefficient, [image: image] and [image: image] denote conjugate gradient direction and step length, and [image: image] denotes precondition operator.
In summary, the implementation of the AS-D-LSRTM method contains four main steps. The first step is to separate diffraction. The second step is to resample the initial model. The third step is to obtain the image after several iterations by LSRTM. Finally, we use linear interpolation to convert the final image from the coordinate system [image: image] to coordinate system [image: image]. Figure 3 shows the complete workflow of AS-D-LSRTM.
[image: Figure 3]FIGURE 3 | Workflow of AS-D-LSRTM.
NUMERICAL EXAMPLES
In this section, three synthetic examples are used to test the effectiveness of the proposed AS-D-LSRTM in high-resolution imaging. Furthermore, numerical tests on land field data confirm its adaptability for complex structure.
Fault Model
The initial fault model is shown in Figure 4A, which has a low-velocity surface layer with velocity of 2000 m/s. It is discretized on a 801 × 301 grid a with grid spacing [image: image] 8 m. The time sampling interval is 0.5 ms and the recording time is 1.5 s. A total of 51 sources are distributed laterally from 2.4 to 4 km. The shot interval is 32 m. There are 601 receivers of each shot and the receiver interval is 8 m. We use a Ricker wavelet as the source, and its dominant frequency is 25 Hz. To improve the computational efficiency, we resample the initial model using the adaptive sampling method. Figure 4B shows the resampled model with 151 vertical grid points. From Figure 4B we can see that the deep layers with high velocity are compressed. Figure 5 shows the grid interval comparison of the two models. The black line in Figure 5 denotes initial vertical grid interval, the blue line denotes theoretical value calculated by Eq. 5, and the red line shows the vertical grid interval of the resampled model.
[image: Figure 4]FIGURE 4 | Fault model (A) and the resampled model (B).
[image: Figure 5]FIGURE 5 | Comparison of vertical grid interval.
We use the tau-p transform to produce 501 plane-wave time sections with ray parameters ranging from −0.5 to 0.5 ms/m. Figure 6A displays a section with ray parameter [image: image] ms/m. In Figure 6A, the reflection is linear (see the black arrows) and the diffraction is hyperbolic (see the red arrows). Figure 6B shows the estimated dip field of Figure 6A. Based on the dip angle field shown in Figure 6B, we use the PWD filter method to separate the diffraction. Figure 6C shows the separated diffraction with ray parameter [image: image] ms/m. We can see from Figure 6C that the reflection is removed while the diffraction is preserved. Figure 7A shows the point source response of the full wavefield. In Figure 7A, the diffraction energy generated by the inclined faults (the red arrow) is much weaker than that of the layer interface (the black arrow). Figure 7B shows the response of the diffraction wavefield. In Figure 7B, the reflection is suppressed and the diffraction (the blue arrow) is preserved.
[image: Figure 6]FIGURE 6 | Time sections of the fault model with ray parameter [image: image] ms/m. (A) plane-wave section for the full wavefield, (B) estimated dip angle field, and (C) plane-wave section for the separated diffraction.
[image: Figure 7]FIGURE 7 | Response of the point source. (A) full wavefield, and (B) diffraction wavefield.
Figures 8A, 8B show the images of full wavefield LSRTM (F-LSRTM) and D-LSRTM after 30 iterations, respectively. In Figure 8B, we can see that the acquisition footprints (the red arrow) and the reflection generated by the surface layer (the blue arrow) are almost eliminated. Moreover, the resolution of the fault in Figure 8B is higher than that in Figure 8A (see the black arrows). Figure 8C shows the AS-D-LSRTM image after 30 iterations, and Figure 8D shows the final result after linear interpolation. In Figure 8B, the artifacts and the diffraction are enhanced simultaneously when the reflection is removed. Nevertheless, the diffraction-based LSRTM results are still focused. Figure 9 displays the normalized residual convergence curves of F-LSRTM, D-LSRTM, and AS-D-LSRTM. The curves show that the convergence rate of D-LSRTM and AS-D-LSRTM is faster than that of F-LSRTM. Moreover, the normalized residual of D-LSRTM and AS-D-LSRTM decreases quickly before the 5th iterations and gradually converges to a same value. Figure 10 shows the normalized computing time and memory footprint of these methods. Compared with D-LSRTM, AS-D-LSRTM can save 44% of computing cost and half of memory requirement without losing accuracy. From the above analysis, we conclude that AS-D-LSRTM is superior to F-LSRTM and D-LSRTM.
[image: Figure 8]FIGURE 8 | LSRTM images after 30 iterations using different methods. (A) F-LSRTM, (B) D-LSRTM, (C) AS-D-LSRTM, and (D) AS-D-LSRTM with linear interpolation.
[image: Figure 9]FIGURE 9 | Normalized residual convergence curves of the three methods.
[image: Figure 10]FIGURE 10 | Computing time and memory requirement of the three methods.
Layered Model With Vugs and Fractures
We use a layered model to further verify the effectiveness of the proposed method. Figure 11A shows the initial model, which is discretized on a 801 × 401 grid with a grid interval of [image: image] 5 m. The model has two layers with velocity of 2.5 km/s and 4 km/s, respectively. There are three small-scale vugs and four fractures distributed at the layer interface with velocity of 3 km/s. The vugs are square with side lengths of 20, 40, and 60 m, respectively. The width of the fractures is 20 m and the lengths of them are 100, 200, 300, and 400 m, respectively. Figure 11B shows the resampled model ([image: image] in Eq. 5 is 30), which has 221 vertical grid points in total. In total, 41 sources are distributed laterally from 1.5 to 2.5 km. Each shot has 601 receivers. The shot interval is 25 m and the receiver interval is 5 m. The time step is 0.3 ms and the recording time is 1.5 s.
[image: Figure 11]FIGURE 11 | Fractures-vugs model (A) and the resampled model (B).
In this tests, we apply the adaptive sampling method to F-LSRTM (denoted by AS-F-LSRTM) and D-LSRTM. Figure 12 shows the images after 30 iterations using different LSRTM methods. In Figures 12A,C, the vugs and fractures are imaged successfully, and the bottom of the fractures is shown as a string of beads (Lu et al., 2015). In Figures 12B,D, the reflection are restrained and the energy of the diffraction is enhanced.
[image: Figure 12]FIGURE 12 | Migration images using different methods after 30 iterations. (A) F-LSRTM, (B) D-LSRTM, (C) AS-F-LSRTM with linear interpolation, and (D) AS-D-LSRTM with linear interpolation.
Figure 13 displays the normalized residual convergence curves of the four methods. The result shows that the convergence rate of D-LSRTM and AS-D-LSRTM is faster than that of F-LSRTM and F-AS-LSRTM. We can see that the convergence curves of D-LSRTM and AS-D-LSRTM are almost coincident after the 16th iteration. Figure 14 shows the normalized computing cost and storage requirement of the four methods. From Figures 12–14, we conclude that the AS-D-LSRTM algorithm is helpful to identify small-scale caves and fractures, and it can greatly save computing resources.
[image: Figure 13]FIGURE 13 | Normalized residual convergence curves of the four methods.
[image: Figure 14]FIGURE 14 | Computing time and memory requirement of the four methods.
Ultra-Deep Fault-Karst Carbonate Reservoir Model
The fault-karst carbonate reservoirs are usually stripped distribution along the strike-slip fault zone, especially in South Tahe area of Tarim Basin (Ding et al., 2020). According to stress state, the strike-slip fault can be divided into three structural styles, which are translation, extrusion and extension. The oil and gas resources are more abundant in the extension and extrusion section (Cheng et al., 2020). Figure 15 shows the distribution characteristics of the fault-karst reservoirs. In the extension section (left), large-scale caves are developed near the trunk fracture zone and small-scale vugs are distributed along the branch fracture. In the extrusion section (right), the caves and vugs are mainly distributed along the trunk fracture. According to the characteristics of the fault-karst carbonate reservoirs formed by strike-slip extension, we build an ultra-deep fault-karst model, as shown in Figure 16A. The model includes 1101 × 1101 grid points with grid spacing of 8 m. The maximum depth of the fault-karst structure is more than 8 km. Figure 16B shows the new model after adaptive sampling. The number of vertical grid points reduces from 1101 to 510.
[image: Figure 15]FIGURE 15 | Distribution characteristics of the fault-karst carbonate reservoirs.
[image: Figure 16]FIGURE 16 | Ultra-deep fault-karst carbonate reservoir model (A) and the resampled model (B).
In numerical tests, a total of 61 sources are distributed laterally from 3.2 to 5.6 km. Each shot has 801 receivers. The shot interval is 40 m and the receiver interval is 8 m. The time step is 0.5 ms and the record time is 4 s. The source is a Ricker wavelet and its dominant frequency is 25 Hz. Figures 17A,B show AS-F-LSRTM and AS-D-LSRTM images after 20 iterations, respectively. In Figure 17A, some small-scale caves and vugs are shown as strong reflection spots (see the red arrows). However, the reflection energy generated by large-scale caves near the trunk fracture is much weaker (see the black arrows). In addition, the reflection-based LSRTM images cannot correctly describe the distribution and the structural characteristics of the fault-karst reservoirs. For example, the reflection energy of the top of the reservoirs is extremely weak (see the blue arrows in Figure 17A). This phenomenon can mislead the prospectors and lead them to miss productive reservoirs. In Figure 17B, the diffraction of the trunk fracture is much stronger than that in Figure 17A (see the black arrows). Moreover, the top of the reservoirs is easier to identify in Figure 17B (see the blue arrows). We conclude that AS-D-LSRTM can enhance the diffraction and improve the imaging resolution of the fault-karst carbonate reservoirs.
[image: Figure 17]FIGURE 17 | LSRTM images after 20 iterations. (A) AS-F-LSRTM and (B) AS-D-LSRTM.
Field Data Test
The LSRTM algorithms relies heavily on accurate migration velocity model and high-quality data. In this paper, the proposed AS-D-LSRTM method is also tested on a 2D field dataset to further verify its effectiveness. Figure 18A shows the initial migration velocity model, which includes 2001 × 401 grid points with a grid spacing of 10 m. Figure 18B shows the variable-grid model after adaptive sampling (n in Eq. 5 is 10), which is discretized on a 401 × 284 grid. We use the Ricker wavelet with dominant frequency of 20 Hz as the source. Total shots are 100 with irregular distribution and the record time is 4 s. Each shot has 204 receivers and the receiver interval is 50 m. The time sampling interval is 0.5 ms.
[image: Figure 18]FIGURE 18 | Initial migration velocity model (A) and (B) the resampled model.
Figure 19A shows a single shot record. We apply the PWD filter method to the full-wavefield data and obtain its diffraction component, as shown in Figure 19B. Figures 20A,B show the AS-F-LSRTM and AS-D-LSRTM images after 5 iterations, respectively. In Figure 20A, the diffraction generated by the fault (see the red arrow) is muck weaker than the reflection produced by the horizontal layers (see the black arrow). From the image result of AS-D-LSRTM (Figure 20B), we can see that the reflection energy (see the red arrow) is almost eliminated while the diffraction is enhanced (see the black arrow). In addition, about 74% of computing time and 71% of memory space are saved after using the adaptive sampling method. We conclude that our method is still effective for field data.
[image: Figure 19]FIGURE 19 | Field shot record. (A) full wavefield, and (B) diffraction wavefield.
[image: Figure 20]FIGURE 20 | Migration images after 5 iterations using AS-F-LSRTM (A) and AS-D-LSRTM (B).
CONCLUSION
We propose a high-accuracy and high-efficiency AS-D-LSRTM method, which contains three main parts. Firstly, we use the PWD filter to extract the diffraction from the full wavefield. Then we resample the initial migration model using the adaptive sampling strategy. Finally, we image the diffraction and obtain high-resolution migration results after multiple iterations. LSRTM is known to be limited by huge amount of computation when tens of iterations and hundreds of shots are required to be carried out. Numerical tests on synthetic data and field data demonstrate that the proposed AS-D-LSRTM method greatly improves computing efficiency and reduces memory requirement. In addition, our method can effectively image the diffraction produced by faults, fractures, caves and vugs. In summary, AS-D-LSRTM is a potential imaging approach for the interpretation and depiction of the fault-karst carbonate reservoirs in the Tarim Basin in Western China.
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