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Abstract: The classical least-squares migration (LSM) translates seismic imaging into a data-fitting
optimization problem to obtain high-resolution images. However, the classical LSM is highly depen-
dent on the precision of seismic wavelet and velocity models, and thus it suffers from an unstable
convergence and excessive computational costs. In this paper, we propose a new LSM method
in the imaging domain. It selects a spatial-varying point spread function to approximate the ac-
curate Hessian operator and uses a high-dimensional spatial deconvolution algorithm to replace
the common-used iterative inversion. To keep a balance between the inversion precision and the
computational efficiency, this method is implemented based on the strategy of regional division, and
the point spread function is computed using only one-time demigration/migration and inverted
individually in each region. Numerical experiments reveal the differences in the spatial variation of
point spread functions and highlight the importance to use a space-varying deconvolution algorithm.
A 3D field case in Northwest China can demonstrate the effectiveness of this method on improving
spatial resolution and providing better characterizations for small-scale fracture and cave units of
carbonate reservoirs.

Keywords: least-squares migration; imaging domain; point spread function; global space-varying
deconvolution

1. Introduction

High-resolution seismic imaging is a critical tool to acquire information on under-
ground structures from observed seismic data [1,2]. Reverse time migration (RTM) has no
assumption for the high-frequency approximation in traditional ray methods and shows
good performance in lateral velocity varying media [3,4]. However, as the real data may
have limited borehole diameter for observation, irregular observation systems, and limited
wavelet frequency band, and thus images obtained from RTM have limited resolution and
poor amplitude fidelity, providing inaccurate estimates of underground reflectivity [5].

By using the reverse Hessian operator on the conventional migration, the least-squares
migration (LSM) allows for higher resolution, fewer migration artifacts, and better fi-
delity [6]. Since the Hessian matrix is too large in scale and the direct inversion process is
not realistic, the LSM method is always recast as a data-driven linear optimization prob-
lem. Due to the good performance on improving resolution, it has been investigated in
seismic imaging for acoustic-wave single component data [7-18] and elastic-wave multiple
component data [19-22]. Besides, the elastic least-squares migration is extended to obtain
multiparameter images, such as P- and S-wave velocity and density, to cope with the
trade-off effects [23,24]. However, since this data-domain LSM has a high dependency on
the accuracy of wavelet and velocity, most achievements for LSM are mainly obtained in
theoretical experiments. Furthermore, in 3D data processing in practice, this data-domain
LSM always suffers from unstable convergence and excessive computational cost, which
make it quite difficult in practical applications.
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In contrast, the imaging-domain LSM aims to find a reasonable approximation for the
Hessian instead of performing the expensive iterative data-fitting process. The diagonal
Hessian operator is commonly used to enhance the amplitude balance by considering the
illumination for observation, providing similar results as the classical amplitude-preserving
migration [25]. In horizontally layered media, the Green function for migration can be also
used as a deconvolution operator, thus processing the results from migration [26,27]. An
unsteady-phase filter can be estimated using the images from the front and rear iterations
in data-domain LSM thus replacing the inversion in Hessian matrix to calibrate and filter
the migration results [28-31]. Point spread function (PSF) from one scattering point is
consistent with a row of elements in the Hessian matrix, which physically describes the
impact of single-point-scattered energy on underground media, including local illumination
characteristics of the observation geometry, the space variation in velocity model, and the
band-limiting effect in seismic wavelet and received data [32,33]. These approximations for
Hessian in imaging domain LSM can be also used as preconditioners for the data domain
LSM, which, after multiple iterations, can more quickly approximate the real reflection
coefficient [34-371].

However, as PSFs are of significant space-varying characters, it is rough to apply a
space-invariant PSF from a single scattering point on the whole area. The novelty of our
method is that it introduces a regional division strategy in the image-domain least-squares
migration based on a global space-varying PSF. As a result, it can divide the global PSF
into sub-blocks, use a high-dimensional space-varying deconvolution in each sub-block,
and eventually perform the data reduction for all the sub-blocks. Since the continuity of
velocity model and illumination is much better in local sub-blocks, the proposed method
can provide high-resolution images and have computation efficiency.

2. Methodology and Principle
2.1. Basic Theory on LSM

The forward problem in the classical migration imaging can be expressed as:
d=Lm, (1)

where, L is the linear operator in the linear Born simulation, which expresses the relation
between underground reflectivity model m and seismic scattering data d. The migration
images can be obtained by projecting the adjoint Born operator LT into the seismic scattering
data d:

I=1L"4. 2)

The adjoint Borning operators LT can correctly reverse the propagation effects on the
travel time and phase. However, due to problems such as limited observation apertures
and limited data frequency band, the adjoint operator is not a good approximation for the
inverse Born operators, which leads to unpreserved amplitude and low spatial resolution.

The LSM enables to provide high-fidelity images by minimizing the difference between
synthetic and observed data, and the misfit function of the least-squares migration can be
defined as,

1
C(m) = S| |Lim — dops |5 ©)

When the objective function reaches the minimum, the reflectivity model m satisfies
the following equation:

I= (LTL) — Hm. )

In this equation, H is the Hessian operator, which is the second derivative of the
misfit function (3). This equation is always named as the Newton normal equation, which
establishes the basic principle for the LSM in the imaging domain and physically reveals
that the migration image obtained by the conventional migration method is the Hessian-
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blurring version of the subsurface reflectivity model m. Thus, the seeking reflectivity model
can be realized using the generalized inverse under the sense of the norm L.

m= (LTL)AI — HlL. )

2.2. LSM in Imaging Domain
2.2.1. The Global Space-Varying Point Spread Function

According to the acoustic-wave equation, Hessian can be expressed in the frequency
domain as:
T
H(x1, 2, w) = L(x1, w; x5, )" L(x2, w; x5, Xr), (6)

where x;, x; are the positions of shots and receivers, and L denotes the sensitivity kernel,
satisfying
L(x,w; xs,%,) = f(w)G(x, x5, 0)G(%, Xy, W), ?)

where, f(w) is a seismic wave, G(x1, x5, w) is the Green function excited from the shot
position x;.

The PSF is commonly used as the approximation for Hessian, including a row of
elements in the Hessian matrix x.

K(x2,x0,w) = L(x2, w; xs,xr)T[L(xo, w; X5, X,)0(x — xp)]. (8)

Here, K(x3, xo, w) reflects the PSF of the perturbation at the point x.
Substitute Equation (8) into Equation (6), mark the point spread function at x; as Kj,
and Hessian can be expressed as,

H:[Kl o Koo Km]T. 9)
Substitute the above equation into Equation (4) to obtain:
I, = Kym. (10)
The reflectivity model can be obtained by

I;

m=_—,
(Ki +a)

(11)
where « is the regularization parameter. The Equations (10) and (11) can be also expressed

in the space domain as:
I; = K;xm, (12)

and:

where, x and ® represent the operation of convolution and deconvolution, respectively. It
reveals that, the migration image at x; is the superposition of the convolution of the global
reflectivity model and the point spread function at x;; on the contrary, the reflectivity model
at x; can be computed within a high-dimensional deconvolution of the corresponding point
spread functions.

2.2.2. Global Space-Varying Deconvolution

Equation (8) shows that the point spread function is exactly the image of the scattered
wave radiated from the scattering point, which has a limited distribution in the space. Thus,
the image-domain LSM can be based on the framework of the region division strategy,
where the global point spread function can be divided into n blocks and the real impact of
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each point spread function is constrained within local neighborhoods s, to the scattering
pointx;,i=1,...,sy,

K(xy, xj,w) = L(xn, w; xs, xr)T[L(xi,w; Xs, X )0 (x — x7)]. (14)

Furthermore, within the neighborhood, the media velocity and illumination conditions
are slowly varied, thus the PSFs for each position in s, can be assumed to be the same, and
the reflectivity model for the neighborhood can be expressed as

m, =) L oK =I,®K; (15)

i€sy

Equation (15) means the regional reflectivity model for the neighborhood s, can
be obtained by performing local deconvolution of the regional RTM image and the point
spread function. The entire model can be obtained by stacking all the regional parts, and the
global space-varying PSF can be computed using only one-time demigration and migration.

3. Analysis of Numerical Experiments

This section focuses on analyzing the physical characteristics of the point spread
function. Figure 1 shows the global point spread function for the 2D Marmousi model.
We can find the variations of observation illumination, wave propagation, and limited
wavelet frequency-band at different positions. The propagation effect is mainly reflected in
amplitude performance. Compared to the PSFs in the shallow model, those in the deep
show much worse focusing with increasing attenuation radius. Since the RTM and PSF
results are computed under the same observation system, the deconvolution can remove
the influence of limited illumination angles in RTM results. Moreover, the seismic wavelets
should match the one in RTM as they may have a great influence on point spread functions
with respect to phase, amplitude, and attenuation radius.

AL A% et
"n “l” [N ‘A‘H“ -
ll i) (I “

Depth/km

Figure 1. The global point spread function in the 2D Marmousi model.

Figure 2 displays the inverted images using different point spread functions (red and
blue circles in Figure 1). Even with the same wavelet, the images using the PSFs show
significant variations in the space. The PSF at grid (26, 1) has wider illumination angles
and better focusing than the one at grid (26, 11), and thus it can more accurately reflect the
illumination characteristics of shallow structures in the model. As a consequence, the above
PSF allows for better descriptions of the shallow structures but provides inaccuracy in
the deep model. In contrast, due to limited illumination angle and wavefield propagation
effect, the image obtained by the PSF at grid (26, 11) is much closer to an RTM result.
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Figure 2. Results from LSM in imaging domain by using single point spread function. (a) the point
spread function at grid (26, 1), the shallow details are similar as reflectivity model; (b) the point
spread function at grid (26, 11), the image is much closer to RTM result.

4. Numerical Experiment

The method is tested on the 3D Overthrust model. The model is 16 km, 5 km, and 3 km
in size, and the migration velocity is obtained by Gaussian smoothing with a window of
40 m. The Ricker wavelet with the main frequency of 30 Hz is used in this experiment. As
shown in Figure 3, the RTM result has an insufficient spatial resolution, and the amplitude
of the reflectors attenuates rapidly as the depth increases.

8000

10,000 15,0000 Y 5000 10000

X-Distance/m X—Distance/m

Figure 3. The 3D data volume of RTM in the 3D Overthrust model.

Then we compute the PSF using the same wavelet. Based on the migration velocity, the
sampling interval (400 m, 400 m, 400 m) of the global PSF is set for the scattering model. To
give intuitive insight into PSE, we present the X-Z tangent plane for point spread functions
in Figure 4. As the geological structure and the illumination condition change, we can
easily find that the difference of global PSFs in morphology is not negligible.

Figure 5 shows the results from the proposed imaging-domain LSM. Compared with
the RTM results, the LSM results show higher resolution, fewer migration noise, more
balanced amplitude in deep and better focusing on diffracted structures (as shown in
Figure 6). To compare the spatial resolution between these results, we compute the vertical
wavenumber spectrum of Figures 3 and 5 for the whole model and present them in Figure 7.
From the vertical wavenumber spectrum, we can find that the result from the LSM method
has a broader frequency-band, especially for mid-high wave numbers. It means that the
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proposed LSM method can estimate the Hessian operator and remove those Hessian effects
on the RTM results, which thus provides a more accurate reflectivity model.
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Figure 4. The 2D Display of the X-Z tangent plane of the point spread function.
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Figure 5. The 3D data volume of LSM in the 3D Overthrust model.
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Figure 6. The 2D display of the X-Z tangent planes results from (a) RTM; (b) LSM.

Overtay Spectra

Fracion of Myapist
0 Q04 008 012 016 02 024 028 032 038 04 044 048 652 056 06 064 088 072 076 08 OB4 038

A pITIGE (08)

] 2 il L] 1 2 it 1 2 2 2 2% 2 0 3 34 38 ) 40 a 0 o 4
Frequency (42)

s

Figure 7. The comparison of vertical-wave-number spectrum between RTM (red) and LSM (blue)
from Figures 3 and 5. The unit of y-axis is decibel, and x-axis indicates the wavenumber component.
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5. Field Case

The target area is a part of the Tarim oil field in Northwest China, which is located in
the middle of the North Tarim Uplift Belt to the east of the Halahatang depression. It has a
large span, the target layer is deeply buried, the physical properties of the matrix are poor,
and the type and scale of fracture caves are seriously affected by karst weathering. From
the current development stage, the positioning accuracy of small and medium-sized karst
cave cannot meet the requirements of resolution analysis of venting leakage around the
well. In this work area, the geophone array recorded 33,000 shots at 5 m depth covering
an area of 81 km?. The main conundrum to be tackled in this work area is high-resolution
imaging of Ordovician carbonate fracture-cavity reservoirs, with the depth ranging from
5.5 to 8 km. The migration velocity is built by a 3D travel time tomography as shown in
Figure 8. The maximum cut-off frequency of the wavelet is 70 Hz.

9000

Depth/m

5000 10,000 15,000 o
X—Distance/m

Figure 8. Migration velocity for Tarim oil field.

Figure 9 shows the results from RTM and LSM at the inline index of 200. Compared
with the RTM results (Figure 9a), the LSM results (Figure 9b) provide higher spatial
resolution, finer reflection events, more balanced amplitude, better focus ability, and more
accurate fractured-cavity imaging. Figure 10 shows the zoomed region in Figure 9. We can
find that the LSM result provides finer descriptions of fractured-cavity imaging and the
boundaries between adjacent fractured-cavities, and the fractured-cavity bodies with small
sizes in Ordovician carbonatite can be presented with higher resolution. Moreover, the
deep fracture in the LSM result (Figure 10b) is better retrieved, which demonstrates that
the proposed method is effective in fracture description. Figure 11 shows the vertical wave-
number spectrum corresponding to the imaging results. The wave-number distribution
of the LSM result is much broader, which lifts up at the low and mid-high sides of wave
numbers. Besides, LSM can clearly provide information on cavities in the fracture zones,
provide a high-quality scientific basis to analyze the development of fracture-controlled
fractured-cavities and give guidance to the interpretation of reservoirs. To give an intuitive
sight of the caves in Figure 10 denoted by red arrows, we compute the amplitude attributes
from the RTM and LSM results and present a regional transverse section at the depth of
these caves in Figure 12. We can find that the LSM results can distinguish the adjacent
caves and provide better focusing, highlighting the proposed method can provide a high
resolution in the horizontal direction and give a great help for reservoir interpretation and
development. However, due to the limited observation aperture and shallow desert area,
conventional RTM cannot provide correct images. The logging result located at the arrows
in Figure 12 can also support the migration results, highlighting the effectiveness of the
proposed method.



Appl. Sci. 2022, 12, 2361 90f 12

InLine 1198 CrossLine InLine 1198 CrossLine

S

(a) (b)

Figure 9. Comparison between migration results for CDP index of 1198. (a) results from RTM;

(b) results from LSM.
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Figure 10. Locally zoomed-in reservoir sections marked in Figure 9. (a) results from RTM; (b) results

from LSM.
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Figure 11. Comparison in vertical-wave-number spectrum (RTM: red line; LSM: blue line). The unit
of y-axis is decibel, and x-axis indicates the wavenumber component.
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Figure 12. Comparison between results of amplitude attributes. (a) zoomed results from RTM;
(b) zoomed results from LSM. The target caves are corresponding to the ones marked by red arrows
in Figure 10.

6. Conclusions

Utilization of the point spread function and the global space-varying high-dimension
deconvolution algorithm effectively solves the demand of excessive computation in the
iterative data-fitting process of classical least-squares migration and alleviates the high
dependency on the accuracy of seismic wavelet and velocity model. Both the theoreti-
cal analysis and the model experiment demonstrate that the global space-varying point
spread function can effectively approximate the Hessian and the high-dimensional spa-
tial deconvolution algorithm can replace the deburring effects from the Hessian operator.
The application on a field 3D data suggests that the method is effective in improving the
imaging resolution, especially for caves and fractures, and provide higher-quality seismic
images for ultra-deep fractured-cavity reservoirs.
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