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Understanding subsurface distribution features is crucial for reliable sedimentary facies modeling. Obtaining the
distribution feature of complex subsurface sedimentary facies is challenging, especially non-stationary sedi-
mentary facies which are location-specific, well-ordered, facies sequence (e.g., deltas). The application of ma-
chine learning algorithms has potential to assist with this imaging problem, particularly using the Generative
Adversarial Networks (GANs) method. Recently, GANs have proven to be outstanding for unsupervised learning
on complex distributions of training images. However, in most GAN-based model convolution processes, the
information in a local area is computationally invalid for reproducing the global features of training images. To
remedy this, we introduce an advanced Self-Attention Generative Adversarial Network (SAGAN) for subsurface
geological facies modeling. Compared with the basic GANs, SAGANSs introduce a self-attention mechanism to
attain details from a long distance in the image, reproducing global features of training images. SAGAN case
studies involve stationary channels and non-stationary delta facies. We use probability maps, variograms, con-
nectivity functions, and visualization results to evaluate and compare our simulation realizations. For channel
cases, SAGANs’ realizations can reproduce different distributions of channels and point bars in different river
systems. For the delta case, the SAGAN method shows a better ability to reproduce delta non-stationary char-
acteristics than the MPS and basic GAN methods. All results are of high quality and diversity, reproduced the
known geological sedimentary patterns, and compared with the basic GANs, SAGANSs can better reproduce the
global features of non-stationary training images. It is demonstrated that our first proposed SAGANs for
geological facies modeling represent a powerful method for reproducing depositional facies distribution pattern.

1. Introduction

Sedimentary facies modeling has become an important part of
reservoir development, laying an important foundation for reservoir
numerical simulation. A high-quality model that can characterize the
subsurface sedimentary facies distribution improves development plans
and reduces costs. However, there are some problems in the existing
sedimentary facies modeling method, and it is difficult to acquire a
reliable model. In particular, the subsurface distribution characteriza-
tion in models does not reproduce prior known sedimentary facies dis-
tribution pattern, including shape, direction and connectivity of
sedimentary facies and so on. (Laloy et al., 2017; Li et al., 2016; Tian
et al., 2019).

Subsurface sedimentary facies modeling research usually relies on
stochastic simulation methods to reproduce the underground structure.
One commonly adopted choice is multiple-point statistics (MPS) simu-
lation, which characterizes the spatial correlation of multiple points in
space (Strebelle, 2002; Caers and Zhang, 2002; Wu et al., 2007; Feng
etal., 2017a; Mariethoz et al., 2010). MPS infers the correlation between
multiple spatial points from the training image (TI) to predict the real
reservoir (e.g., geologic facies). Despite new progress (Laloy et al., 2016;
Wang et al., 2018), MPS simulation without any processing (partition
simulation, scaling and rotating training image, etc.) is slow and it is
difficult to reproduce the real spatial structure of TI (for example,
insufficient continuity), especially for complex facies with
non-stationary characteristics. Thus, building effective reservoir models
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that satisfies the distribution characteristics of sedimentary facies is an
unsolved, important research problem.

The fast-growing field of machine learning (ML) is increasingly
promising for accelerating progress (Bergen et al., 2019). The generative
model is a type of ML methodology that can be described as a model for
generating data, such as a type of probability model. Recent studies have
widely explored the application of deep generative models, particularly
GANs (Goodfellow et al., 2014). In the last few years, a GAN has been
recognized as one of the most advanced ML methods in generative
models for capturing complex distributions (Goodfellow et al., 2014).
GANs have recently been applied in earth sciences, especially finding
success in reservoir modeling (for example, Zhang et al., 2019; Song
et al., 2021a, 2021b, 2021c, 2021d).

Many geologists and computer scientists have successfully applied
the GAN method for sedimentary facies modeling. Chan and Elsheikh
(2017) applied GANs to generate subsurface facies models with realistic,
complex geological structures. Laloy, Hérault (2017) proposed spatial
GANSs (SGANSs) and used SGANSs for probabilistic inversion involving 2-D
and 3-D sedimentary facies. Mosser, Dubrule (2017, Mosser et al., 2018)
the generated spatial structure of porous media and micro-CT oolitic
limestone with DCGANs. Dupont et al. (2018) used a GAN with image
inpainting, to predict the sedimentary facies distribution in river envi-
ronments from the existing rock type data. Veillard et al. (2018) inter-
preted geological structures in 3-D seismic data with a GAN and a VAE
(Kingma and Welling, 2013). Zhang et al. (2019) also generated
geologically realistic 3-D reservoir facie models with GANs. Liu et al.
(2020) used perceptual GANs to enhance the resolution of a large field of
view image for sandstone thin-section images. Canchumuni et al. (2019)
used GANs to develop conditional modeling for facies matching.

However, there are still some problems in GANs facies modeling
applications. The objectives of existing tests are mostly simple and ho-
mogeneous training images (e.g. channels), and some complex and
heterogeneous images are rarely taken into consideration (e.g. deltas).
These images can be divided into two types, stationary and non-
stationary images. Stationary is invariant by any translation. Non-
stationary is the opposite of stationary. Generally, the channel deposi-
tional system is stationary facies, because its sedimentary characteristics
are similar in all parts of the entire depositional area. Delta depositional
system is considered to be non-stationary facies, because their distri-
bution has variable directionality and obvious tendency, i.e. the channel
of delta gradually expands outward, showing a fan-like radial shape,
which means their distribution is too location-specific and its patterns
are not repeated over the whole depositional area. Moreover, most re-
searchers only combine convolution and GANs to learn the features of
training images, and it is difficult to learn the global features only by
convolution process of most GANs. Despite recent advances in using the
GAN method for geology (Zhu and Zhang, 2019; Zhang et al., 2021; Song
et al., 2021a, 2021b, 2021¢,2021d), all GAN-based models in reservoir
modeling (Radford et al., 2015; Karras et al., 2017) are constructed
using convolutional layers. Convolutions process and characterize the
features of information in local neighborhoods, resulting in the GAN’s
output solely relating to small areas in the image, and invalid with any
other parts. Thus, it is computationally inefficient to use convolutional
layers alone to reproduce the global features of the TIs.

To remedy this limitation, a Self-Attention Generative Adversarial
Network (SAGAN, Zhang et al., 2019) is introduced in our application.
SAGANS add a self-attention module into convolutional GANs, capturing
details from a long distance in the image, thereby improving the
perception field to obtain global information of the training image. Deep
convolutional self-attention GANs are used herein for the generation of
sedimentary facies facies systems. We test the SAGANSs performance in a
case study of stationary channel facies and non-stationary delta sedi-
mentary facies from the Stanford public reservoir data, representing
sedimentary facies features in generally recognized representative
sedimentary environments of rivers and deltas (Lee and Mukerji, 2012;
Feng et al., 2017b). For channel facies, we simulate four facies: point
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bars, channels, floodplains facies. For delta facies, we simulate two
facies: channels and floodplains.

This paper is organized as follows. Section 1 mainly introduces and
summarizes the research progress of sedimentary facies modeling and
GANSs. Section 2 introduces a self-attention GAN architecture compared
to most based GANs, and generates quality assessment methods for
SAGANS realizations. Section 3 represents the subsurface sedimentary
facies simulation results, including channel facies and delta facies cases
to demonstrate our proposed SAGAN’s capability with quality assess-
ments. In Section 4, we discuss the advantages and limitations of our
method’s application and outline possible sedimentary facies future for
developments in the future. Finally, Section 5 concludes the paper with a
summary of the most important findings.

2. Methodology
2.1. Self-attention GANs architecture

A GAN is a deep learning model and one of the most promising
methods for unsupervised learning on complex distributions in recent
years. The model produces realistic output through mutual game
learning of two modules in the framework: generative model and
discriminative model. Our proposed SAGAN method is an important
development of GANs. Compared to most GAN-based image generation,
SAGANSs apply the attention mechanism to the GANs generation task,
mainly multiplying each feature map with its own transposition, to
ensure that the pixels at any two positions are directly related. There-
fore, it can learn the difference between any two pixels dependency
relationships to obtain global characteristics. SAGANs make up for the
shortcomings of the inefficiency of convolutional layers obtaining re-
lations from distant regions, due to the convolution process having a
local receptive field. Our sedimentary facies modeling is an extended
application of SAGANs by Zhang et al. (2021). We used this method to
test different types of sedimentary facies and apply this method to our
sedimentary facies modeling.

Self-attention effectively improves the long-range dependency
modeling. The image feature is calculated as the attention map in
SAGANS (Fig. 1) after the previous layer x is convolved to feature spaces
p(x), q(x). Moreover, a parameter 6;; indicating the extent of the

attention that is added, which refers to the model weight of the i
location when generating the j area as follows:

, where 1; :p(x,-)Tq(xj), p(x) =Woxi, q(x) =W,x; (1)

where, W, = RMXM, and W, = RM*M gre learned weight parameters and
M is the number of channel and feature locations. (M = M/8,according
to Zhang et al. (2021)).

The output of the attention moduleise = (ey,ey,...,€j,...,en) € RN,
where M and N are the number of channel and feature locations. Here,
Equation (2) is as follows:

N
ej=s < Z Hj‘ik<xi)> , k(x) = Wixg, s(x;) = Wx;. (2)
p

where k(x) is the feature space of which x is convolved, and Wy, = RMM,

W, =RMM(N =M /8), are learned weight parameters, implemented as
1 x 1 convolutions. ® denotes matrix multiplication and the softmax
operation is performed on each row. Finally, the output above is first
multiplied by the scale parameter, and then added to the input feature
map x. In SAGANS, both the generator and the discriminator use the
attention module.

It is trained in an alternating adversarial way through the following
loss function in both the generator and discriminator as follows:



M. Chen et al.

Journal of Petroleum Science and Engineering 214 (2022) 110470

(X
transpose » .
convolution Aorplil J “tte?t“’“
feature maps(x) | map
®Lftma_x’ self-attention
[} | I q(x) ;?‘IFI feature maps(e)
i 1 | s(x)
1X1conv - ®—_’
A

| 1X1conv

1X1conv

Fig. 1. The self-attention module of SAGANSs. The yellow box is part of the self-attention mechanism (Modified from Zhang et al., 2019). (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web version of this article.)
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here, z ~ P,, and y ~ Pgq, are our given random vector z and the input
data distribution. For all models, we use the Adam optimizer (Kingma
and Ba, 2014) for training.

2.2. Generation quality assessment

The quality assessment of the generated model is necessary when
applying the SAGAN method to sedimentary facies modeling. For sedi-
mentary facies modeling, it is necessary to evaluate the similarity be-
tween the realization and the spatial characteristics of the training
image. Therefore, some assessment metrics are applied to evaluate the
generation ability. For each example, the probability maps, variogram
function and connectivity function are calculated as structural evalua-
tion indicators.

2.2.1. Probability calculation

To compare the similarity between the realizations and the training
images, we calculate their probability maps to reflect whether the image
positions with higher probability are similar. In detail, we select the
same number and similar images to determine the probability of a
certain facies, as well as the ratio of frequency of the facies in each
position of the image to the total.

2.2.2. Indicator variogram

The variogram is used to describe the spatial diversification of
properties, which can quantitatively describe the spatial correlation of
regionalized variables, and is widely used in the study of spatial corre-
lation in geostatistics. Generally, half of the variance of geological var-
iables at two positions (with a distance h) in space is defined as the
variogram. The variogram is calculated as follows:
(0) = E[() — 165+ )] @
and I(x) is the indicator function of the facies. The variogram is used in
our cases as an indicator of the spatial correlation of the facies in the
reservoir models.

2.2.3. Connectivity function

To compute the function for a given value for a discrete image, it is
possible to shift one copy of the image and check the number of over-
lapping pixels of the same category (label) and the number of pixels of
the same component. Dividing number of the pixels of the same

component by the number of pixels of the same category gives the
connectivity function for the given h (two positions with distance h). The
connectivity functions z;(h) are is defined as the probability that two
pixels belong to the same connected component, and i is the facies in-
dicator as follows:

7;,(h) =Plx < x+h|I(x) =] (5)

We use the connectivity function to evaluate the continuity of the
reservoir facies, and compare the calculated curves of the variogram and
connectivity functions on each realization belonging to the training set
and the simulation set. Models are randomly selected for the performed
curve comparison evaluation.

3. Subsurface sedimentary facies’ simulation results

Our TIs are from the Stanford VI-E reservoir (Lee and Mukerji, 2012)
(and available at https://github.com/SCRFpublic/Stanford-VI-E
/tree/master/Facies). The Stanford VI-E reservoir models without
structural fluctuations are used as TIs (Fig. 2). The reservoir is a fluvial
channel system with three layers prograding, layer 3, layer 2, and layer 1
from bottom to top (Castro et al., 2005). In the fluvial system (Fig. 2(a)),
deltaic deposits (layer 3, Fig. 2(d)) are deposited first, followed by
meandering channels (layer 2, Fig. 2(c)), and later -sinuous channels are
formed (layer 1, Fig. 2(b)). These are further discussed below.

3.1. Channel facies (stationary facies)

Our first channel facies test case considers the 150 x200 channelized
TIs (sinuous channels, layer 1) depicted in Fig. 2(b) as a representative of
sedimentary facies with stationary features. The sinuous channels
contain four facies: point bars, channels with sand deposits, floodplains
and boundaries (flow boundaries) with shale deposits. We use eighty
vertical layers of the three-dimensional channel deposition as the TIs.

The size of all generated SAGAN models is designed to be 64x64. At
maximum epoch 95 of training, the SAGANs model considered optimal
is realized (see parameters in Tables A1-A2 and Figures A1-A3 in Ap-
pendix). It takes approximately 3 h to train SAGANSs for 95 epochs on an
Intel(R) Xeon(R) Gold 5122 CPU. while it takes 0.04 s to generate a
single 64 x64 implementation using the trained network.

Fig. 3 displays five random selection realizations and five TIs with a
size of 150200, accompanied by the probability maps of green channel
of facies 2. Visually, the realizations appear reasonably in agreement
with the TIs. The shapes of the channel and the point bar are consistent
with geology. The stacking relationship between the channel and the
point bar is realistic; along the convex inner edges of the meanders of
channels, point bar deposits occur. For the discrete yellow edge facies,
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Fig. 2. TIs for SAGANSs simulation. Models of Stanford VI without structural fluctuations (a); sinuous channels (layer 1): (b); meandering channels (layer 2): (c); and
deltaic deposits (layer 3): (d). 0: floodplain, 1: point bar, 2: channel, 3: boundary (Modified from Castro et al., 2005).

Training Images (5 of 80)

Realizations

Probability (80)

Fig. 3. Five randomly chosen TIs and realizations of sinuous channels, along with corresponding probability maps of green channel facies. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web version of this article.)

the yellow facies realized by SAGANS are also distributed on the edges of
other facies; Additionally, the appearance of relatively narrow edge
yellow facies at the bottom of the water channel, the realizations can
also reproduce the characteristics of the channel. Simultaneously, sand
deposits have different expression manifestation, including: differences
in the combination of various channels, deposition ratios, channel
widths and curvatures, point bar widths, etc. Moreover, a probability
map (bottom) of the green channel (facies 2) is calculated from 80
simulation results similar to the training image (top), which is highly

consistent with the probability map of the training image. In the prob-
ability maps, the high probability locations of the channels are similar,
and both show a trend of lower marginal probability.

Fig. 4 shows the corresponding variogram and connectivity functions
of channel facies 2 in three directions. Since facies 0, 1 and 3 are not
continuous in the entire deposition area, the variograms of these facies
are supplemented in the appendix. Our results fluctuate slightly in the
variogram of the training image. The mean curve (red) of the re-
alizations is very close to TI mean (black), especially in the X and Y
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directions. The average deviation is not more than 0.2. This shows the
similarity between the realizations and TIs at a two-point relation and
assists in explaining the realistic simulation realization. For the con-
nectivity function, by comparing the mean curve (red) of the realizations
and TIs (black), the realizations match well with the TIs, and the
maximum absolute deviation is 0.2. The rapid downward trend of the
connectivity function itself also shows that the continuity achieved by
our simulation is good, which is consistent with continuous channel
deposition.

The second channel test case considers the 150 %200 channelized TIs
(layer 2) depicted in Fig. 2(c), as another representative sedimentary
facies with stationary features. The TIs are meandering channels,
deposited in this fluvial channel system. Meandering channels contain
four facies as sinuous channels: floodplain, point bar, channel, and
boundary. We use forty vertical layers of the three-dimensional channel
deposition as the TIs.

Fig. 5 shows five random selection realizations, and five TIs with a
size of 150x200, accompanied by the probability maps of green channel
of facies 2. For the high-curve channel of a meandering river, we also
showed that our realization is highly consistent with the training im-
ages. We can perfectly reproduce different combinations of channel and
point bars. Similarly, for sinuous channels, we can observe that there is a
reasonable agreement between the realizations and TIs in the

Training Images (5 of 80)

“a

Realizations

SAGAN Examples (5 realizaitons )
N A N ] N, . {

probability map in Fig. 6, a high probability in the middle of the chan-
nel, low probability at the edge of the channel. The red and black lines in
the corresponding variogram and connectivity functions of channel
facies 2 demonstrate that the realizations achieve a good consistency
with the TIs with a maximum deviation of not more than 0.2 in Fig. 6.
The slight fluctuation also demonstrates the deviation and variety of the
realizations. The variograms of facies 0, 1, and 2 are supplemented in the
appendix.

3.2. Delta facies (non-stationary facies)

The delta facies test case considers the 150x 200 deltaic TIs (layer 3)
depicted in Fig. 2(d), representing non-stationary sedimentary facies
with obvious trends and directions. The TIs are deltaic deposits of two
facies: floodplains with shale deposits, and channels with sand deposits.
Delta sedimentary architecture is relatively complex, with high reservoir
heterogeneity of obvious direction and trend (Feng et al., 2017b; Gao
et al., 2020). Building an accurate delta reservoir model is a recognized
problem and is very important (De Vries et al., 2009; Gengxin et al.,
2015; Wang et al., 2022).

Fig. 7 displays five random selection realizations and five TIs with a
size of 150x200, accompanied by the probability maps of yellow
channel of facies 2. Visually, the realizations appear in line with the TIs.

e ve

Probability (80)

Fig. 5. Five randomly chosen TIs and realizations of meandering channels, along with corresponding probability maps of green channel facies.
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Fig. 7. Five randomly chosen TIs and realizations of delta, together with corresponding probability maps of yellow channel facies. (For interpretation of the ref-
erences to colour in this figure legend, the reader is referred to the Web version of this article.)

The simulation realization realistically represents the characteristics of
the outward divergence of the delta channel. The channel is wider and
less branched at the root of the delta and gradually develops into mul-
tiple, smaller branches as the delta expands into the basin. The proba-
bility distribution also perfectly reproduces the extended trend of the
delta. Fig. 8 shows the corresponding variogram and connectivity
function metrics. The realizations match well with the statistics, and
maximum absolute deviation is 0.2. This deviation shows wide diversity
of simulation realizations.

To compare the geostatistics method and SAGAN method for non-
stationary facies modeling, we simulate deltas with the SNESM
method of MPS and SAGANSs with the same TIs. Fig. 9 shows realizations
of deltas simulated by basic MPS and SAGANs. SAGANs realizations
reveal more realistic geometric features and depositional patterns of the
channels in the delta. The MPS method has difficulty reproducing the
divergent characteristics of the delta, with relative homogeneity.

To compare the differences between the GANs and SAGANs methods,
we simulate deltas of different sizes with the basic GANs and SAGANs
with the same TIs. Here, the basic GAN represents the most basic loss
function and a simple generator and discriminator, without adding a
self-attention mechanism, we used Laloy et al. (Laloy et al., 2017) GANs
in our research. Fig. 10 shows realizations of different sizes of deltas

simulated by the basic GANs(a) and SAGANs (b). SAGAN realizations
reveal more realistic geometric features and depositional patterns of the
channels in the delta, not limited to sizes as 32x32 or 128x128. In the
realizations of the size of 128 x128, we observe that the basic GANs only
reproduce the non-stationary features of the delta locally (within the red
frame), while the SAGANSs can perfectly reproduce the global feature of
the delta. As the realizations become more continuous and larger in size,
the SAGAN method has improved results for large-scale modeling
compared to the GAN method.

From the perspective of quantitative evaluation, the simulation re-
alizations of the SAGAN method are closer to the training image than the
basic GAN in variogram and connection functions. Regardless of the size
of 32x32 (Fig. 11), 64x64 (Fig. 12) or 128x128 (Fig. 13), SAGAN’s
simulation results (green lines) float around the average value of the
training images (red lines). Compared with SAGANSs, the basic GANs
simulation results are quite different from the training image average
(red lines). All results show that SAGANSs have more powerful modeling
capabilities than basic GANs.

For the non-stationary delta case study, SAGAN method has obvious
advantages over MPS and basic GAN in long-range dependency, and the
realizations of this method can reproduce realistic TIs’ features for non-
stationary sedimentary facies with strong heterogeneity. For long-
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Fig. 8. Variograms and connectivity functions for the layer 3 delta depicted. The black line refers to the mean at each distance to 80 TIs of size 64x 64 from the
200 x 150. The green lines are 80 realizations of size 64 x 64, and the red lines are the mean of these green lines. The yellow and blue lines represent the maximum
and minimum values of the function corresponding to the result. We calculate the variogram for facies 2 along three main directions: x axis, y axis, and dxy (45°
direction). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 9. Realizations of delta simulated by MPS and SAGANs.
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\

Fig. 10. Realizations of different sizes of deltas simulated by basic GANs (a) and realizations of different sizes of deltas simulated by SAGANS (b) of the same training

images mentioned in Fig. 2.

distance and non-stationary features, we can reproduce the channels’
expansion characteristics perfectly. We also achieve diversity, which
contributes to the uncertainty evaluation of the reservoir.

4. Discussion

The applications above show that the SAGANs method is very
effective for subsurface complex sedimentary facies modeling.
Compared with existing GANs’ sedimentary facies modeling study
(Laloy et al., 2017; Zhang et al., 2019), the proposed SAGANs archi-
tecture solves an important issue: the self-attention module in the GANs
framework is effective in modeling long-range dependencies and it can
better reproduce the global spatial structure of sedimentary facies
models, making up for the shortcomings of existing GAN modeling
methods. (1) For the perspective of complex sedimentary facies
modeling, especially delta facies modeling (Zhang, 2002; De Vries et al.,

2009; Gengxin et al., 2015), we provide a new modeling method, which
can solve the problem of distribution feature reproduction of
non-stationary sedimentary facies. Our study confirms the effectiveness
of SAGANs method in reproducing the spatial distribution features of the
sedimentary facies than MPS (Fig. 9) and basic GANs (Laloy et al., 2017)
(Figs. 10-13). This successful introduction of the SAGANs method to
sedimentary facies modeling, demonstrates the potential of this machine
learning method for sedimentary facies model characterization for
complex sedimentary facies. (2) In the current research on the use of
GAN for sedimentary facies modeling (Song et al., 2021a; Zhang et al.,
2019), our research considers the modeling difficulties of complex
sedimentary facies, and has made a successful attempt especially for
non-stationary facies, which improves the application of GAN modeling
methods and solve the problem of global feature reproduction of
non-stationary sedimentary facies. Our study confirms the effectiveness
of the self-attention mechanism in reproducing the global features of the
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training images, which can provide a new idea and method for the
modeling of complex sedimentary facies. In addition, once the training is
completed, the simulated SAGANs improve the speed for complex
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Fig. 11. Variograms and connectivity functions for
the layer3 delta depicted. The black line refers the
mean at each distance to 80 TIs of size 32 x 32 from
the 200 x 150. The green lines are 40 realization of
size 32 x 32. The yellow and blue lines represent the
maximum and minimum values of the function cor-
responding to the result. We calculate the variogram
for the facies 2 along three main directions: x axes, y
axes, and dyy (45° direction). (For interpretation of
the references to colour in this figure legend, the
reader is referred to the Web version of this article.)

Fig. 12. Variograms and connectivity functions for
the layer3 delta depicted. The black line refers the
mean at each distance to 80 TIs of size 64 x 64 from
the 200 x 150. The green lines are 40 realization of
size 64 x 64. The yellow and blue lines represent the
maximum and minimum values of the function cor-
responding to the result. We calculate the variogram
for the facies 2 along three main directions: x axes, y
axes, and dxy (45° direction). (For interpretation of
the references to colour in this figure legend, the
reader is referred to the Web version of this article.)

Fig. 13. Variograms and connectivity functions for
the layer3 delta depicted. The black line refers the
mean at each distance to 80 TIs of size 128 x 128
from the 200 x 150. The green lines are 40 realization
of size 128 x 128. The yellow and blue lines represent
the maximum and minimum values of the function
corresponding to the result. We calculate the vario-
gram for the facies 2 along three main directions: x
axes, y axes, and dxy (45° direction). (For interpre-
tation of the references to colour in this figure legend,
the reader is referred to the Web version of this
article.)

sedimentary facies (Laloy et al., 2017), even though the training aspect
of the workflow takes several hours whereas producing a single reali-
zation only takes 0.04 s.
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Current limitations of SAGANs are better understanding the con-
ditionalization of the modeling (to match prior information, such as well
data, seismic data, etc.) and three-dimensional modeling (Song et al.,
2021b, 2021c), which are our future research directions. For conditional
model, it can be achieved by modifying the loss function of SAGAN. For
three-dimensional modeling of sedimentary facies, one can consider
reconstructing three-dimensional space from two-dimensional planes
(Coiffier et al., 2020; Wang et al., 2022; Song et al., 2021c). About
simulation time, hardware improvement (GPU) can considerably speed
up the training and further optimization of the network structure can
enhance the SAGANs’ simulation capability.

5. Conclusions

We present a new GAN-based modeling method for subsurface
sedimentary facies: Self-Attention Generative Adversarial Networks
(SAGANSs). Compared with existing geostatistical and basic GAN meth-
odologies, SAGAN’s advantage is that the model realizations can capture
TI statistics and enable long-range dependencies. This allows for effi-
ciently modeling complex non-stationary TIs with strong heterogeneity.
Several sedimentary facies cases have successfully examined the simu-
lation quality of SAGAN-based approach, including stationary channels
and non-stationary delta facies. For channel cases, realizations can
reproduce the different distributions of channels and point bars in
different river systems. For the delta case, the SAGAN method shows a
better ability to reproduce delta divergence characteristics than the MPS
and basic GANs. The generations are completely consistent with prior
sedimentary facies depositional patterns, indicating that SAGANs
represent a powerful method for reproducing prior sedimentary facies
depositional patterns. Future research mainly includes realizing a direct
adjustment of SAGANs simulations for conditioning data (well data,
seismic data, etc.), improve simulation quality, adapt to 3-D simulation
and speed up training time.
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