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ABSTRACT

Characterizing fracture zones is crucial in geothermal exploration, drilling, and development. We aim to characterize small-scale fractures
with scales less than the seismic wavelength. Recently, machine learning (ML) methods have been popular in interpreting large-scale
faults by finding offsets in seismic images. However, such offsets may not be associated with small-scale fractures. By shooting a seismic
beam from the Earth’s surface to subsurface fracture zones, we can extract a receiver-beam interference pattern created by fracture-
generated multiple-scattering waves in observed seismic data. The double-beam interference pattern is a two-dimensional image that
carries information about the discrete fracture network pattern. Under the ideal situation (e.g., perfect data acquisition and homogeneous
medium), the beam inference pattern and the discrete fracture pattern are Fourier transform pairs. However, in real-world cases, such a
Fourier transform relation is perturbed. We need to train the machine learning algorithm to be able to handle such a physical constraint.
To demonstrate the capability of the method for small-scale fracture characterization, we construct a subsurface model containing small-
scale fractures based on the Soda Lake geothermal field. We perform seismic modeling to generate 3D seismic data and apply our method
to the data to characterize the discrete fractures, which are almost invisible on conventional seismic migration images.

1. INTRODUCTION

Information on both faults and fractures is critical in understanding the subsurface stress field and potential fluid flow pathways for
geothermal permeability assessment. Knowing the fracture geometries such as fracture orientation and spacing can greatly improve the
ability to capture flow transport behavior (Kang et al., 2011; Nick et al., 2011; Kang et al., 2016). Therefore, cost-effective methods for
reliable detection of faults/factures at a distance are important in geothermal exploration, drilling, and development. Here we distinguish
faults and fractures. Faults are usually associated with fault surface slip, and their existence is generally interpreted in time and depth
migrated seismic images. Recently, there are many progresses in using machine learning methods to detect large-scale faults (e.g., Wu
and Fomel, 2018; Gao et al., 2021a; Gao et al., 2021b). On the other hand, fractures (or joints) appear in clusters (Gale et al., 2007) and
they are small-scale features in a layer and may not cause discontinuities in stacked seismic images compared to regions containing no
fractures. Burns et al. (2007) showed that if the source-receiver line is perpendicular to the fracture plane, the common-mid-point stacked
trace is the same as if there were no fractures.

Conventional fracture characterization was indirectly inferred based on the assumption that aligned fractures can cause seismic anisotropy
(e.g., Thomsen, 1995). The symmetry types of the anisotropy can be the horizontally transverse isotropy (HTI) caused by a set of vertical
fractures, the orthorhombic owing to two vertical fracture sets orthogonal to each other, the monoclinic because of two fracture sets that
are at an angle not 90 degrees, and their geothermically tilted versions. Anisotropy can cause AVO/AVAZ (amplitude variation with offset
and azimuth for the reflected waves (e.g., Rlger and Tsvankin, 1997; Lynn et al., 1999; Perez et al., 1999; Thomsen, 1999; Stewart et al.,
2002; 2003; Vasconcelos and Grechka, 2007; Far et al., 2014) and shear-wave splitting (e.g., Crampin, 1985; Tatham et al., 1992; Vetri
et al., 2003; Long, 2013; Verdon and Wustefeld, 2013). These anisotropy-related methods are based on the effective medium theory
(EMT), which implicitly assumes that the distribution of fractures is spatially uniform and has one spatial scale (i.e., the distance between
neighboring fractures) (e.g., David et al., 1990). In reality, the distribution of natural fractures can be random, spatial clusters can emerge
(Fang et al., 2017), and the fracture system can exhibit multiple spatial scales (e.g., distance between neighboring fractures, sizes of the
fracture clusters, distance between clusters, etc.). Because of multiple scattering and interference, the EMT-based methods can produce
erroneous results for randomly distributed fractures (Fang et al., 2017). The Scattering Index (SI) methodology (e.g., Willis et al., 2006;
Fang et al., 2013a; Fang et al., 2013b) is a data-based method and it used the differences in the stacked data along different azimuths. SI
can yield information on fracture plane orientation. Diffraction imaging (e.g., Landa et al., 2008; Landa et al., 2011; Klokov and Fomel,
2012; Landa, 2012; Landa et al., 2013; Schoepp et al., 2015; Protasov et al., 2016; Silvestrov et al., 2016) tries to migrate fracture-
diffracted signals to form a subsurface image. Because the amplitudes of the diffracted signals are much weaker compared with those of
specular reflections from layer interfaces, isolation of the fracture diffraction is prerequisite. Non-specular imaging filtered in the local
image matrix can be directly used to identify scattering/diffraction features in the subsurface (Zhu and Wu, 2010). However, these
scattering-based imaging/migration methods can only provide focused scattering energy instead of the local fracture spacing and
orientation. The image of scattering waves needs further interpretation to obtain the detailed spatial distribution of fractures and their
connections via such as ant tracking (e.g., Pedersen et al., 2002; Zhu and Wu, 2010; Aarre et al., 2012).

In this paper, we apply a machine learning technique using a neural network architecture to augment the double-beam method developed
by Zheng et al. (2013), which aims to characterize fractures in a layered medium using the interference pattern of multiple-scattering (in

1


mailto:Yzheng12@uh.edu
mailto:ljh@lanl.gov

Zheng et al.

horizontal directions) waves from fractures. In Zheng et al. (2013), they synthesize a group of point sources into a directional source beam
to shoot it to the subsurface fracture targets. A fracture target can be a box containing multiple fractures. The source beam interacts with
the fractures locally and produces a scattered beam propagating to surface receivers. The scattering direction of the receiver beam depends
on the orientation and density of the fractures. Basically, the DB method extracts the interference pattern observed on the surface to obtain
fracture parameters: fracture orientation, density, and fracture compliance (Schoenberg, 1980). Because of the use of a source beam and
a receiver beam, the method is called the double-beam method (DB for short). Both beams are focusing Gaussian beams toward the
fracture target. Hu and Zheng (2018) extended the original DB into a dipping layer case. Hu et al. (2018) also extended it to the case of
multiple sets of irregularly distributed random fractures. Rather than using a Gaussian beam, Ding et al. (2017) used a different focusing
beam, the Gaussian wave packet (Kiselev, 1983; Perel and Sidorenko, 2007) and were able to characterize fracture parameters in two
layers at different depths. The original and the extended work of the DB method showed that DB can successfully and correctly
characterize fractures in terms of fracture parameters: fracture orientation, fracture spacing and compliances, even for multiple coexisting
fractures with random spacing and varying compliances in a non-flat dipping reservoir layer. However, the DB does not give us
information of discrete fracture networks (DFN) because we interpreted the interference pattern using the three fracture parameters. The
goal of this paper is to use neural network machine learning to interpret the interference pattern as discrete fracture network. We call our
new method double-beam neural network (DBNN).

We organize the paper as follows. First, we briefly review the physics of the DB interference pattern. Secondly, we develop our new
method, DBNN, and train it to obtain DFN information. Thirdly, we build a geological model based on the Soda Lake geothermal field
and generate synthetic seismic datasets using an elastic finite-difference method (e.g., Coates and Schoenberg, 1995; Fang et al., 2013b;
Fang et al., 2017), in which a fracture is modeled as a linear slip boundary condition (Schoenberg, 1980). Finally, we apply our DBNN to
the synthetic dataset and demonstrate its capability for characterizing small-scale fractures.

2. METHODS
We first describe the physics of the DB interference (DBI) pattern, and then demonstrate how to use DBNN to interpret DBI as DFNSs.

2.1 DBI Pattern

The DB method characterizes subsurface fractures by focusing a source-beam and a receiver-beam from the surface to a target zone in a
fractured reservoir (Zheng et al., 2013). The essence of the DB method is based on multiple scattering of a local incident plane wave upon

a set of fractures. The scattering wavenumber k" and the incident wavenumber k* are related by the local fracture network geometry
around the target location T (Zheng et al., 2013):
2p .
K=k +n L, n=-1, @)
T T a
where k; and k; are the horizontal components of k" and k*, respectively; ¢ is the unit vector perpendicular to the fracture plane

and a is the fracture spacing (Figure 1a). Equation (1) is frequency dependent because the wavenumbers are proportional to the angular
frequency w. Both focusing beams have planar wavefronts at fractures so we can use plane wave scattering theory. Symbolically, the

forward scattering process can be expressed as
obs s H r
D (xr,xX,W)~g (rfrﬂc,xX,W)Xs(_],a|rm,W)Xg (xr,rfm,W), (2)
where D (x X ,W) is the data, gs(r ,X ,W) and g" (x Ry ,W) are the source and receiver beams, respectively, and s(j,a|r ,W)
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is the double-beam interference (DBI) pattern with complex values. We note that if (¢, @) is different (equation 1), the receiver beam
propagates along a different direction and illuminates a different set of receivers on the surface (Figure 1a). We can exhaustively search

all possible (¢, @) using all possible source and receiver beams and obtain s(i,a) at the fracture target location and frequency. At the

true values (¢, a),

s(i,a)‘ produces high-amplitude “bright spots” (Figure 1b). Meanwhile, the amplitudes of the bright spots are

proportional to the fracture compliance values.

DB has the following unique characteristics:

1) It provides the orientation, density, and fracture compliance for multiple sets of conjugate fractures as a function of space.

2) If there are no fractures, DB outputs ‘no fracture’. This detection capability is important too.

3) DB is frequency dependent. Results from different frequencies should be the same and can cross validate each other.

4) DB can also characterize fractures in thin layers.

5) The performance of DB is not affected by layer reflections, multiples, or surface waves.

6) No geological interpretation step is needed. DB directly outputs the fracture parameters of interest.

7) The fracture compliance is often related to the fracture saturation property, gas or liquid filled. A large compliance is also
found to be related to fluid flow property (Petrovitch et al., 2013).
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Figure 1. Schematic diagram of the DB imaging method. (a) Stars and triangles represent source and receivers, respectively.

Parameter a is the local fracture spacing in the target area. Parameter ¢ is the fracture normal direction. (b) An example
of the absolute value of the complex valued DBI pattern. Two picked bright spots indicate two detected sets of fractures.
Radial direction indicates fracture spacing a. The polar angle is the fracture orientation ¢. The magnitude of the bright
spot indicates the fracture compliance for this set of fractures around the target.

2.2 DBNN - Interpreting DBI into DFN using neural networks

Our goal is to train a neural network to convert the complex valued DBI pattern to DFN automatically. It is an image-to-image
transformation. In this section, we demonstrate this new fracture characterization using a fully connected neural network based on the
DBI for each subsurface target. This new method is called DBNN. The DBNN can “learn” the nonlinear relationship between the actual
fractures at one target and its synthetic DB images. We can then apply the trained DBNN to invert for the fractures within targets from
the DB images obtained using surface seismic data. Under ideal acquisition conditions, DBI and DFN are Fourier transform pairs, which
has a clear physical meaning; hence, DBNN is a physics-guided machine learning.
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Figure 2. The architecture of our fully connected neural network for DBNN contains two hidden layers. The dropout is applied
to both the input layer and hidden layers to avoid overfitting.

To automatically convert DB images to the discrete fracture distribution, we build our DBNN with four layers, including two hidden
layers with each hidden layer consisting of 4000 neurons (Figure 2). A DBI (complex-value) is a 2D function of the fracture azimuth (31
angles from 0° to 180°) and the fracture spacing (30 values from 15 m to 40 m). A local 2D DFN image has 21 x 21 pixels covering a
region of 90 m x 90 m. Both the DBI and the DFN images are flattened into 1-dimensional vectors as the input and output layer of our
DBNN. Consequently, the input layer has 31 x 30 x 2 (complex) neurons and the output layer has 21 x 21 neurons. We use dropout
(Srivastava et al., 2014) to both the input and hidden layers with a dropout rate of 50% to avoid overfitting in the training dataset. We use
the sigmoid function as the activation function for each layer. During training, the cost function in the output layer is the mean squared
differences between the DBNN predicted DFN and the true DFN. We perform our training based on the Keras (Charles, 2013) and we
use the batch gradient descent and the ADAM optimizer (Kingma and Ba, 2014) with a learning rate of 0.001 to train our neural network.
We train 1,000 epochs and the batch size in each epoch is 100.

In the image-to-image training process, we generate 10,000 fracture models with random fracture spacings (15 m to 40 m), orientations
(0° to 180°), and the number of fracture sets (1 or 2). We assume that the seismic geometry is fully covered, and data is noise-free and
only contains fracture-related P waves in a homogenous layer (e.g., Zheng et al., 2013; Hu and Zheng, 2018; Li et al., 2019). We use this
approximation to efficiently calculate the synthetic DBI using the Born modeling. One can of course use full-wave modeling (not the
Born approximation) to do the training but would be more computationally expensive. We show six synthetic DFN images and their
correspondent DBI in Figure 3. Then we can train our DBNN.
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Figure 3. Examples of DFN (map view) and DBI in the DBNN training. (al)-(f1) are six fracture models with different fracture
spacing and orientation. (a2)-(f2) are their corresponding synthetic DB images. The fractures have random spacing and
orientations. The spacing randomly varies from 15 m to 40m and orientation randomly varies from 0° to 180°. The number
of preferred fracture sets is randomly set as 1 or 2. Panels (a) - (d) have one fracture set while (e) and (f) have two fracture
sets.

Using the trained DBNN, we find that all DNFs are correctly inverted from the DBIs using our trained DBNN (Figure 4). Since DBI’s
are extracted from seismic data, DBNN could be used to invert for the fractures in each target using DBIs from seismic data. The inverted
fractures obtained using DBNN have excellent agreement with the true fractures.
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Figure 4. DBNN testing results. Panels (al)-(f1) are six DFNs with different fracture spacings and orientations; (a2)-f(2) are the
predicted DFNs using our trained DBNN from their DBIs, respectively; and (al) to (el) have a single fracture set while (f1)
has two fracture sets. Yellow pixels represent fractures while blue pixels are background medium without fracture.
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3. SYNTHETIC DATASETS AND SEISMIC MIGRATION RESULTS

We test DBNN on 3D synthetic datasets generated from a geophysical model based on the Soda Lake geothermal field (Gao et al., 2021a).
In this paper, we focus on DBNN application to synthetic datasets and will present field data examples in the future.

3.1 Model and dataset

We build a 3D P-wave velocity model based on the Soda Lake geothermal field (Figure 5). The S-wave velocity is half of the P-wave
velocity. We use Gardner’s equation (Gardner et al., 1974) to convert the P-wave velocity to the density. Our forward modeling uses a
3D staggered-grid finite-difference numerical solution to the full elastic wave propagation (e.g., Fang et al., 2013b; Fang et al., 2017).
The fractures are represented as linear slip boundaries in the finite-difference elastic forward modeling (e.g., Schoenberg, 1980;
Schoenberg and Douma, 1988; Fang et al., 2017; Hu et al., 2018). The source wavelet is a Ricker function of 30 Hz. The grid spacing is
the same in all 3 dimensions and is 4.5 m. The discretized model size is 745, 819, 133 in x, y, and z directions, respectively. The sources
are regularly deployed from x = 450 mto x = 2700 m and from y = 450 mto y = 2952 m, at a grid size of 18 m x 18 m. There are
17,640 distinct sources in total. The receivers are from x = —135m to x = 3285m and from y = —135mto y = 3537 m, at a grid
size of 9 m x 9 m. For each seismic shot, we output the three-component particle velocity fields: vx, vy, vz. One example shot gather is
shown in Figure 6.

3500

2500

3000 Y (m)

X (m)

Figure 5. A 3D model showing 3D P-wave velocity, faults, and fractures. The fracture vertical height is 9m. Fractures are parallel
to each other and the fracture spacing is 22.5 m. The red region is the basalt intrusion. The fracture compliance is 10-1°
m/Pa.

Figure 6. An example shot gather for a shot at location x=1044m, y=1008m, and the receiver line at x=1080m. The receiver line is
parallel to fracture planes. The horizontal axis is the receiver line y coordinate, from 423 m to 1584 m.

3.2 Seismic migration images of fractures

One may wonder if we can see the fractures if we just do a straightforward seismic migration. We took a 2D vertical slice of the model at
y=1665m. We generate two synthetic datasets with and without fractures and obtain the reverse-time migration (RTM) images (Figure
Ta&b). The image difference (Figure 7c) is due to the fractures, which could be easily interpreted as a reflector horizon. In practice, we
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cannot obtain such an image difference because we do not have the baseline image (Figure 7b) and all we have is Figure 7a. ldentifying
fractures in Figure 7a is not an easy task, if not impossible.
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Figure 7. Seismic migration results for a set of fractures with a fracture spacing of 22.5 m and a fracture height of 9 m. (a) RTM
image with fractures in the model; (b) RTM image without fractures in the model; (c) the image difference between (a)
and (b).

4. DBNN RESULTS OF DISCRETE FRACTURE NETWORK CHARACTERIZATION

We apply DBNN to the 3D synthetic seismic data for the model with a fracture zone (Figure 5) to interrogate the fractures. We divide the
fracture zone into 560 subsurface target bins with a bin size of 90 m x 90 m in x and y directions. To mimic the real seismic geometry
in the field acquisition and test the DBNN on limited data coverage, we randomly use only 20% of shot gathers in our DBNN test. We
show DBNN results at 60 Hz for several targets in Figures 8-10.

Our DBNN is able to obtain correct results of: 1) the number of fracture sets which is one in the true model; and 2) fracture orientation
that is along the y-axis. We note that DB is capable to invert for conjugate fracture sets (Figure 4f). The fractures are located at about 300
m in depth. At 60 Hz, the P-wavelength is ~40-50m. The DFN location is only less than 5 m away from the true fracture locations. Further
improvement may be possible if we use multiple frequencies and more data (results in Figures 8-10 are based on only 20% of the data).

5. CONCLUSIONS

Conventional double-beam fracture characterization method extracts a double beam interference pattern from observed seismic data, and
can only deliver information on fracture parameters around a target, including fracture orientation, density, and fracture compliance. Using
machine learning, we have improved the capability of interpreting the complex-valued DBI as discrete fracture network (DFN). Our new
method, the double beam neural network (DBNN), is an image-to-image learning method, which directly maps DBI to DFN. We have
used a synthetic seismic dataset based on the Soda Lake geological model to demonstrate the capability of our DBNN for fracture
characterization. DBNN can provide correct information of fracture orientation and the number of fracture sets. The location errors in the
DBNN fractures are within 5 m using a 60 Hz P-wave data (wavelength ~ 40-50m) for targets at about 300 m in depth. Further
improvement may be possible using multiple frequencies.
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Figure 8. DBNN fracture characterization at a target (x,y) = (986 m, 1976 m). (a) The modulus of the DBI at 60 Hz using the
surface seismic data. (b) Discrete fracture network (DFN) predicted by DBNN using DBI. The amplitude of the DFN
indicates relative fracture compliances. The black lines along Y -axis represent the true fracture plane location in the model.
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Figure 9. Same as Figure 8 but for a target (x,y) = (1166 m, 2066 m).
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Figure 10. Same as Figure 8 but for a target (x,y) = (1616 m, 536 m).
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