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Abstract

Evaluating and checking subsurface models is essential before their use to support
optimum subsurface development decision making. Conventional geostatistical
modeling workflows (e.g., two-point variogram-based geostatistics and multiple-
point statistics) may fail to reproduce complex realistic geological patterns (e.g.,
channels), or be constrained by the limited training images and computational cost.
Deep learning, specifically generative adversarial network (GAN), has been applied
for subsurface modeling due to its ability to reproduce spatial and geological
patterns, but may fail to reproduce commonly observed nonstationary subsurface
patterns and often rely on many training images with the inability to explore
realizations around specific geological scenarios. We propose an enhanced model
checking workflow demonstrated by evaluating the performance of single image

GAN (SinGAN)-based 2D image realizations for the case of channelized subsurface



reservoirs to support robust uncertainty around geological scenarios. The SiInGAN

is able to generate nonstationary realizations from a single training image.

Our minimum acceptance criteria expand on the work of Leuangthong, Boisvert, and
others tailored to the nonstationary, single training image approach of SinGAN by
evaluating the facies proportion, spatial continuity, and multiple-point statistics
through histogram, semivariogram, and n-point histogram, along with evaluating the
nonstationarity reproduction through multiple distribution checks ranging from local
scale pixel distribution to multiscale local distribution. Additionally, our workflow
incorporates reduced-dimensionality analysis through self-attention, providing a
flexible approach for deep learning-based enhanced model realization to single
training image comparison. With our proposed workflows, the robust application of

SinGAN is possible to explore uncertainty around geological scenarios.

Keywords: minimum acceptance criteria; SinGAN; subsurface uncertainty models;

channelized subsurface reservoirs

1. Introduction

Subsurface modeling and forecasting are essential components for optimum
decision-making for hydrocarbon exploration and field development [1],
hydrogeological resources exploration and efficient management [2, 3], optimal
injection and production well locations [4], and safe and reliable CO, injection and
long-term sequestration [5]. For all of these field scale models, the common
simulated spatial feature is discrete facies (or rock type), as it represents the vast
majority of variance in spatial features like porosity and permeability that impact

fluid flow [6, 7]. Over smaller scales, e.g., individual rock pores, we are interested



in directly reconstructing the pore spaces' geometry [8, 9]. Regardless of the
modeling scale, honoring the univariate and multivariate distributions, spatial
continuity and discrete geometries, and spatial nonstationarity in all of these, if

present, is paramount to supporting subsurface decision-making.

A common approach for calculating facies spatial realizations is variogram-based
geostatistics, including indicator-based or truncated Gaussian simulation methods,
based on random function models and an established theoretical foundation [10-12].
In many cases, these variogram-based methods are sufficient to characterize and
model spatial continuity that impacts subsurface fluid flow [5]. Nevertheless, these
two-point variogram-based methods may fail to reproduce complex, non-linear,
long-range, and categorical ordering patterns like those commonly observed in the

subsurface, e.g., depositional lobes and meandering channels [4, 13].

[14] propose multiple-point statistic (MPS) simulation to address these limitations
of two-point variogram-based methods. MPS utilizes a training image (TI) to infer
empirical spatial multi-point distributions, i.e., beyond two points, explicitly
replacing an analytical random function model via sampling the training image and
reproducing multi-point statistics representing complicated spatial and geological
patterns. MPS techniques can be classified into pixel-based, patch-based, and
optimization-based [15]. For each, multiple point events are represented by a n-point
template, N(u), centered at a location, u, with specific categorical facies at each
location, z(u,), a = 1, ...,n. A pixel-based MPS method simulates all locations in
the model grid sequentially through Monte Carlo simulation from the n-point
conditional distribution sampled from the TI [16]. Patch-based methods center a
template over locations to recover patterns, simulating jointly over multiple

locations in the process and usually requiring additional steps such as pattern



classification and mismatch measures to minimize the mismatch between adjacent
patches [17]. Pixel- and patch-based methods are sequential techniques that follow
an established random path to perform the simulation. On the other hand,
optimization-based algorithms are non-sequential because they seed initial
simulated facies at all grids, often with a random state that honors the marginal facies
distribution. Then, the algorithms minimize a loss function (including a loss
component) based on the mismatch with multiple-point statistics, typically
conditional probabilities of multiple-point events sampled from a training image

[15].

There are two advantages of optimization-based techniques. First, the techniques
exhibit equivalent proficiency when handling nonstationarity as their sequential
counterparts [13, 18]. Second, optimization-based techniques are often more flexible
[19] and may be more computationally- and memory-efficient than sequential
techniques, thereby facilitating the simulation of more challenging and complex
applications with greater ease [20]. For example, [21] develop a conditional image
quilting method, which combines smaller image patches by eliminating visible
seams for large 3D models, reducing computational time by at least a factor of 50.
Their approach achieves similar reproduction of continuous and categorical features

for hydrogeological applications, greatly improving efficiency.

Deep learning approaches have been applied for optimization-based MPS, for
example, neural networks calculate realizations (also called fake images or
generated images in deep learning) from a trained model to output local conditional
probabilities [22, 23]. Additionally, a recursive convolutional neural network
calculates MPS realizations assuming stationarity by predicting the multiple-point

conditional distributions of each node in the feature maps [15].



Unlike the neural networks for the optimization-based MPS, the generative
adversarial networks (GAN) are based on adversarial training of the generator and
the discriminator, in other words the objective function based on the discriminator
1s learned [24]. GANSs have been widely explored for subsurface applications, e.g.,
the stochastic reconstruction of porous media [25], seismic wave discrimination for
earthquake warning [26], and reservoir modeling [27-30]. These initial endeavors
showcase the proficiency of GANs in characterizing and reproducing spatial
relationships. However, GANSs necessitate numerous training images as training data
to replicate the high-order statistics of interest, thereby hindering their
implementation due to time-consuming data collection, extended training time, and
increased memory requirements. The single-image GAN (SinGAN) addresses these
GANSs limitations and demonstrates its ability to generate random samples by
training with a single image while reproducing nonstationarity from the training

image [31].

Prior to their implementation for supporting subsurface development decision-
making, the evaluation and checking of subsurface models is crucial. The works
mentioned above lean towards application-oriented objectives and lack an enhanced
assessment of the reproduction of nonstationary structures. Furthermore, there is a
notable absence of analyses that evaluate the quality of realizations concerning
features critical to the study's objective [4]. Consequently, [32] propose the
minimum acceptance criteria to evaluate the quality of geostatistical models and the
reproduction of inputs, including data values, property distribution of interest, and
spatial continuity. Additionally, high-order checks for spatial continuity beyond the

variogram are augmented to account for multiple-point statistics [7, 33].



We propose an enhanced model checking workflow tailored to evaluate the
performance of SinGAN-based 2D image realizations for the case of channelized
subsurface reservoirs to support robust uncertainty around geological scenarios. We
evaluate the quality of realizations, reproduction of stationary and nonstationarity
patterns using the following metrics: semivariograms and histograms, n-point
histograms, pixel scale local distribution maps and facies proportion trend map,
multiscale local distribution maps, and model dimensionality reduction analysis via
self-attention. Hence, our proposed workflow enables a comprehensive and rigorous
model checking of SinGAN for subsurface modeling, considering the reproduction
performance of ensembles of realizations in the face of both stationarity and
nonstationarity. Our proposed method may be applied for a wide range of geological
scenarios and is demonstrated for four distinct patterns, including cyclicity,
stationarity, medium nonstationarity (weak spatial trend), and strong nonstationarity

(strong spatial trend).

The background section details more GAN applications for facies modeling and their
limitations, along with a summary of the SinGAN architecture. The methodology
section describes the above metrics to check the enhanced minimum acceptance
criteria of the SinGAN-based realizations, followed by examples of 2D simulations
and the thorough analysis of the realizations in the results and discussion section.
Finally, the conclusions section highlights enhanced model checking and
recommendations for future work, such as uncertainty modeling with our proposed

workflow.

2. Background



Essential prerequisite details of GAN for facies modeling are followed by an

explanation of the SiInGAN approach.

2.1 GAN for facies modeling

Multiple developments use GAN methods for facies modeling that require numerous
training images. For example, [18] use a GAN to calculate nonstationary facies
spatial models along with the forward seismic model, p-wave propagation velocity.
Their unconditional GAN simulation relies on multiple TIs extracted as 2D slices
from a single TI. Additionally, their facies model checking includes facies

histograms and semivariograms in the x and y directions.

[6] train a Bayesian GAN (BGAN) with training data derived from SNESIM MPS
[34]. They consider two scenarios corresponding to conceptual models, fluvial
channels [16, 35] and carbonate mounds [10]. Unlike traditional GANs, BGANs
incorporate a probabilistic framework by incorporating Bayesian principles,
allowing for the estimation of probability distributions per parameter learned from
the training data. However, the uncertainty assessment of the model comes at the
cost of increased computational time due to the need to approximate posterior
distributions of the generator by stochastic sampling, resulting in more training time
than a traditional GAN. Their work considers three quality check metrics,
histograms and semivariograms of facies, and structural similarity index (SSIM) for
comparing luminance, contrast, and structures between TI and generated

realizations.

[36] reconstruct geological models by combining GAN, PatchGAN discriminator,
and a U-Net architecture. They capture the spatial and geological patterns using 2D

sections from the 3D volume as conditioning data and check the quality of their



results using facies histograms and semivariograms. Similarly, [27] train a
conditional GAN with realizations conditioned to hard data, conditioned with
numerical codes representing geological properties, that impose geological
characteristics of a river, like orientation and type (e.g., meandering and braided).
[37] propose shift-invariant convolutional layers in the PatchGAN model to avoid

inconsistency and artifacts in generated subsurface geological models.

Unlike previous GANSs that require a large number of TIs, multiple attempts exist to
use a single TI for GAN training. For example, [38] develop the spatial GAN
(SGAN) that uses a single TI to generate unconditional realizations. Their work
experiments on the stationary channelized training image from [39]. The quality
assessment examines the two-point probability function, connectivity function, and
average facies proportions. [30] introduce multiple-stage concurrent GAN
(MSCGAN) consisting of multiple GANs with various coarse- and fine-scale stages,
allowing the model to transfer parameter information between stages. MSCGAN
uses one TI to reconstruct fluvial reservoirs. Their work evaluates the performance
of MSCGAN on a stationary channel case, omitting consideration of other types of
channelized reservoirs (e.g., nonstationarity). Furthermore, their model check is

based on comparing the performance of SinGAN and MSCGAN.

2.2 SinGAN
The SinGAN architecture is a hierarchical, or pyramidal, set of GANs that trains

with a single image, but sequentially produces multiple random images, each at
different scales, while retaining the original image patch distributions, i.e.,

nonstationarity in the training image [31]. This pyramid architecture sequentially



includes a paired generator and a discriminator network for each scale, and the
training proceeds from the coarsest scale to the finest scale. At the coarsest scale, the
generator takes the random noise input and generates the realization sample. As the
training progresses to finer scales, the generator trains the random noise and an
upsampling of the image generated from the previous scale, effectively filling in an
increasing amount of detail. The discriminator at each scale discriminates the true
down-sampled image and the generated realization from the generator.

The SinGAN architecture for our case of channelized reservoir modeling is shown
in Figure 1. In what follows, the generators are noted as {Gy, ..., Gy_1, Gy}, the
discriminators are {Dy), ..., Dy_1, Dy }. The real images are {yy, ..., Yn—1,Yn} and y,
is a downsampling version of y by a factor of r". The random noise is noted by

{Zg, ---,ZNn—-1,ZN }, and the generated realizations are {Xg, ..., XN—1, XN } -
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Figure 1. The SinGAN architecture for channel model generation (adapted from [31]). The model

consists of a pyramid of GANS, and the training is conducted in a coarse-to-fine manner. The first,



coarsest generator (Gy) learns coarse features and adds more details as the training goes up the

pyramid from course to fine scales (n goes from N to 0). The random noise at each scale follows

standard Gaussian distribution.

At the coarsest scale (N), the generator (Gy) receives a random noise (zy), and
generates a coarse image sample (xy) at the coarsest scale (Equation 1). For the
remaining scales (n < N), the generator (Gy_1, ..., Gg) injects the upsampled
generated image from the previous scale ((X,4+1) T") along with a random noise
(Zn—1, -+, Zg), and generates a realization sample with the same resolution at the

corresponding scale (xy_1, ---,Xg) (Equation 2).

XN = Gn(zn) (D

Xp = (Xng1) T+ Gp(Zn, Kpgpr) T),n <N (2)
loss = min max Laav(Gn, Dp) + aLlyec(Gn) (3)
Lrec = RMSE(xy, ¥n) (4)

The discriminator (D) distinguishes the real training image (y) and the generated
image (x) at each scale. The generators (G) have the same architectural design, as
shown in Figure 2. Moreover, Figure 2 shows that the upsampled image from the
old scale ((x,41) T") is passed sequentially through five convolutional layers
(labeled as Conv) along with a random noise (z,). The output after convolutional

layers is then added to the upsampled image, leading to the final output of G,, which
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1s X,. The discriminators also share a network design similar to the generators but
reversed, deconvolution with the same number of layers, 5, hence, having the same
receptive field and learning the image structures with a decreasing effective patch
size as the training progresses to the fine scale. The loss function (loss) during the
training process follows the SInGAN training (Equation 3, 4), which consists of an
adversarial loss (L,4y), penalizing the distribution of the generated sample and the
training image, and a reconstruction loss (L;ec), determining the standard deviation
of the noise, and a hyperparameter a, balancing the adversarial loss and the
reconstruction loss [31]. The adversarial loss uses the WGAN-GP loss [40] and the
final discrimination score after 5 layers is the average over the patch discrimination
map. The reconstruction loss is the root mean squared error (RMSE) between the

generated sample and the real image.

(Xn+l ) Tr

Figure 2. Generator (Gy, ..., Gy—1 in Figure 1) architecture in SinGAN (adapted from [31]). The
generator receives a random noise and an upsampling realization from the previous scale. These
inputs are processed through 5 convolutional layers, and then the output is added to the upsampling

realization leading to the final output.
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3. Methodology

We develop enhanced validation metrics based on the minimum acceptance criteria
to support robust uncertainty around different subsurface geological scenarios [6,
18, 29, 30, 32, 36, 41, 42]. The detailed discussions on these metrics are included

below.

Variograms check the spatial continuity reproduction [43, 44]. We calculate the
indicator semivariogram of the training images in the major and minor directions of
spatial continuity and compare them with the generated realizations by quantifying
with descriptive statistics, P25 and P75. Histograms check the reproduction of
channel proportions. We calculate the channel proportions histogram over multiple
realizations and compare them with the training image proportion with statistical

quantification, P25, mean, and P75.

N-point histograms check the higher-order statistics of generated realizations by
applying multiple-point statistics (MPS) [4, 33, 45]. Here, we apply the n-point
density function from [45] to compare the conditional probabilities multi-point
patterns. For example, the 5-point configuration has 30 possible configurations for

the case that both channel and mud exist, as shown in Figure 3.
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Figure 3. All MPS patterns for a 5-point configuration. The black grid refers to the channel, and
the white grid refers to mud. The first row refers to only one channel grid, followed by two, three,

and four-channel grids.

Pixel scale local distribution maps check the local trend of generated realizations by
calculating the average and variance pooled over the calculated realizations by-pixel.
The nonstationarity reproduction can be checked by comparing the local facies
proportions distribution maps in regions of the model extents between the training
image and the calculated realizations. The region is the subset of the image pixels

that correspond to an area of interest.

Multiscale local distributions check the reproduction of the local spatial
nonstationarity, i.e., the trend reproduction. We first calculate the dispersion
variance of the pixels within an intermediate scale represented by a moving window,
as the average of variances of all moving windows and stride (step size of the moving

window) of 1. Then we summarize the relationship between the dispersion variance

13



and scale, by varying the window size, by plotting the dispersion variance vs.
window size. The facies proportion within the moving window checks the local,
multiscale trend reproduction of spatial distributions and patterns [33]. The window
size should be sufficient intermediate scale to ensure a reasonable trend check. We
calculate facies proportions within the moving window and plot scatter maps of the
proportion values vs. the TI facies proportion with the same moving windows for

comparison.

Model checking with reduced dimensionality via self-attention provides a flexible
comparison of generated realizations and their corresponding TIs, based on a similar
procedure to [46] for dimensionality reduction, condensing the generated
realizations to two dimensions. The approach uses the self-distillation with no labels
method, DINO [47], with the “self-supervised” paradigm that eliminates the need
for labeled data by generating its own training signals. The DINO method produces
self-supervised features, which are latent features representing the most important
semantic information (i.e., meaning or content) of the data learned within this
paradigm. The self-supervised features distinguish among different data, facilitating
clustering images with similar characteristics. The procedure begins by obtaining

the self-attention features of each image using a pre-trained DINO model from [47],

14



and then reduces the dimensionality based on the informative principal components

(IPC) and t-distributed stochastic neighbor embedding (t-SNE).

4. Results and Discussions

To demonstrate our proposed workflow for SinGAN-generated model checking, we
train a SinGAN with four distinct channel training images: cyclic channel model
(TI1), weak trend channel model (moderate nonstationarity) (TI2), stationary
channel model (TI3), and strong trend channel model (strong nonstationarity) (T14).
Our designed SinGAN model has 6 scales with a scale factor of 0.75. There are 500
iterations at each scale. We set the learning rate to be 0.0005 and a to be 10 in
Equation 3. The four TIs are from the library of training images for fluvial and
deepwater reservoirs [39, 48]. Figure 4 shows the four channel models, the
experimental semivariograms in their major and minor directions, and the
histograms. The channel models have the same dimension of 128 x 128 pixels, where
I represents a channel and O represents mud. Once the SinGAN model is trained, we
generate 1000 channel model realizations for each TI for the following minimum
criteria checks. We randomly choose four generated realization examples for each
training image case for illustration in Figure 5. We observe the possibility that the

SinGAN realizations are prone to exact reproduction at the edges or corners of the
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1mage and show more variations in the central part of the channel model (such as the

dead ends in TI1, R1, R3, and R4).
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Figure 4. The first row shows four channel-model training images (TI1, T12, TI3, and T14) where
the channel is yellow and the overbank is blue. The following rows are the experimental

semivariograms in major (red line) and minor (blue dashed line) directions and histograms.
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Figure 5. Four generated realization examples (R1, R2, R3, R4) for each training image case (T11,
TI2, TI3, and TI4). The green boxes depict the highly reproduced channels, and the red boxes
highlight the variations.

We compare the major and minor directional experimental indicator semivariograms
of the generated realizations to the training images. Figure 6 displays the major and
minor azimuth semivariograms of generated realizations for each training image
case and the semivariograms of the training images. The similar major and minor
semivariograms indicate that the spatial structures informed by the two-point
indicator semivariogram of generated realizations resemble those of the training
images. The by-lag experimental semivariogram confidence interval (CI) (P25-P75)
shows that the SinGAN reproduces more spread channels of TI1 and shows larger
variability compared to the other TIs where their Cls cover most of the

semivariograms of corresponding generated realizations.
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Figure 6. Major and minor experimental semivariograms (left and right columns, respectively) of
generated realizations and TI1, TI2, TI3, and TI4 (from above to below). The TIs are in red and
generated realizations are in green. The blue shade region depicts the by-lag experimental

semivariogram confidence interval (CI): P25-P75.
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We calculate the channel proportion histograms of generated realizations and
compare them with their corresponding proportions from the TIs in Figure 7. The
channel proportions overall are close to the channel proportion of the training image,
specifically for TI1 and TI2. The channel proportions for the TI3 case span from
0.279 to 0.301, within a 5% variance of the channel proportion of TI3. The channel
proportions for the TI4 case range from 0.126 to 0.159, within a 17% variance of the
TI4 channel proportion, which is 0.152. We suspect the realizations for TI4 depict
the largest variance in channel proportion because the channels gather on the left
side of the TI and have a limited area for reproducing the channel proportion while
simultaneously showing variability. To check our hypothesis, we further calculate
the channel proportions within the moving window and more related analyses are

provided below.
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Figure 7. The histograms of channel proportions of generated realizations for each training image
case with the training image channel proportion shown as a black dashed line. The mean, P25, and
P75 of channel proportion distributions of generated realizations are labeled by the red, blue, and

orange dashed lines, respectively.
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We check the relative frequency of a specific 5-point multiple-point pattern in the
generated realizations and compare them with the TI to check the multiple-point
statistics reproduction. We choose a 5-point pattern for easier visualization as more
point patterns are difficult to visualize, i.e., a 9-point pattern results in 510 different
patterns, considering both channel and mud exist. Figure 8 shows that the relative
frequency of the 5-point pattern closely resembles that of the TT with overall average
relative frequencies of 0.005%, 0.009%, 0.018%, and 0.017%, respectively,
suggesting that the SinGAN model captures and reproduces the spatial patterns and
structure from each training image. Although there are differences in spatial
continuity, stationarity, or trends among the four training images, they exhibit a
shared spatial structure, as shown by the relative frequency of the 5-point histogram.
For example, in cases where patterns have a relative frequency smaller than 0.005,
all TIs and realizations depict similar frequencies. The observation suggests that the
SinGAN can capture the fluvial and deepwater reservoir multiple-point spatial

Structure.

Figure 9 shows the pixel scale local distribution maps calculated over all realizations
for each TI case. Given, the binary nature of the models, 1 for channel and O for
overbank, this map communicates the proportion of realizations with channel at each
pixel in the model. The local average map shows that the channel features are prone
to be exactly reproduced in the corners or edges of the image (very high and very
low local proportion of channels over all the realizations). The local dispersion map
reveals that the variety of channel reproduction is mainly located in the center of the
image, as discussed in Figure 5. We suspect this exact reproduction phenomenon is
due to the SInGAN pyramid architecture, which learns a broader structure (focus
more on edges or corners) at the coarse scale and adds details at the fine scale. This

increasing dimension with a finer scale means smaller effective patches during

20



training while enhancing pattern reproduction [49]. For example, Figure 10
demonstrates the feature maps from the last layer of the generator at each scale of a
randomly generated realization. As the coarsest scale learns the corner channels, this
information is contained in the following scales. More channel details are added

gradually in scales 3, 4, and 5.
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Figure 8. Five-point histogram (relative frequency) of generated realizations for each TI case (TI1,

TI2, TI3, and TI4 from above to below).
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Figure 9. Local average and dispersion maps (upper and lower rows) of generated realizations for

each case (TI1, TI2, TI3, and TI4 from left to right).
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Figure 10. Feature maps of the last layer for each SinGAN scale for a randomly generated

realization of the TI1 case.

The multiscale local distribution plot is the dispersion variance vs. scale function
calculated with variable-size moving windows. The dispersion variance vs. scale
functions are similar to the four training images in Figure 11. This function decreases
to a plateau faster in TI1 and TI3 than in TI2 and TI14. Meanwhile, the dispersion
variance function is more stable in TI1 and TI12 as the green curve spans are narrower
than those of TI3 and TI4 in the smaller (zoom-in) window. We do not observe any
inflection points among the green curves, indicating the absence of specific scales

of channel clustering in generated realizations.
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Figure 11. Dispersion variance vs. scale functions of realizations and their corresponding training

images colored in red.

Figure 12 shows the channel proportions within a moving window with a stride of
1. We choose a window size of 110 for a demonstration (supported by the moving
window variance reaching a plateau at the window size of 110 in Figure 11) and
compare the channel proportions with that of the training image. Overall, the moving
window channel proportions follow the 45-degree line. The TI4 case shows slightly
less channel reproduction than other cases, as most moving window proportions fall
under the 45-degree line, and the gap between the CI and truth line is bigger with

increasing channel proportions.

24



111 112

0.320 0.15
0315 4 0.14 moving window
roportion
0.310 ngsd rap :
v moo —— Truth line
2 0.305 1 2
& 5 Ak CI: P25-P75
S 0300 5 _
= = 0.11 expectation
§ 02951 S
= & 0.10 4
(.290 + i
0.285 1 0.09 1
0.280 T T T 0.08 \ T T
0.28 0.29 030 031 032 0.08 0.10 0.12 0.14
ground truth ground truth
TI3 TI4
0.31 0.18
030 | 0.16 1
g " g 014
S 0281 o
= = 0.124
= 027 =
E B 0.10 1
0.26 1 -
025 1 0.08 1
0.24 T T T 0.06 T T T T T
0.24 0.26 0.28 0.30 006 0.08 010 012 0.14 016 0.18
ground truth ground truth

Figure 12. Channel proportions within the moving window of size 110 of each TI case. The 45-
degree line is in blue, the green shaded area refers to the CI: P25-P75 and the expectation line is

in black.

As observed in Figure 7 TI4 channel proportion reproduction is less than other TI
cases, we rescale the channel proportion histogram distribution of TI4 to be centered
at the TI global proportion, 0.152, and then check the new moving window
proportions (Figure 13). Compared to the original moving window channel
proportions in Figure 12, the new proportions scatter plot shows that the new CI
aligns better with the 45-degree line without larger gaps in the higher channel

proportions.
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We divide the training image into four equal vertical regions to quickly check the
local channel proportions trend reproduction by region (Figure 14). We repeat this
calculation on the generated realizations and plot the local facies proportions
distributions, shown in Figure 15. Here, we randomly pick 200 realizations to show
the result, as 1000 realizations are too dense to visualize. Figure 15 shows that facies
proportions are close to that of the training image in each region, revealing that
nonstationarity reproduction can be realized through the SinGAN model. We also
observe the channel production in region III, where there is no channel in the TI4.
On practice, this check may be applied to regions based on geological or engineering

constraints.
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Figure 14. Facies proportion in four vertical regions (right) using TI1 (left) as an example.
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of the TI. The box displays the quartiles (Q1, median, and Q3) of the distribution while the
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outliers.

For the model checking with reduced dimensionality, we obtain the self-attention
features of each image using a pre-trained DINO model, decreasing the dimension
from 128x128 to 16x16 with a patch size of 8. The IPC is obtained by intersecting
the explained variance from principal component analysis (PCA) and the average of
20 permutations of PCA. Finally, we further reduce the dimensionality from IPC to
two using t-SNE and apply DBSCAN for clustering, as shown in Figure 16. The
DBSCAN approach results in four distinct clusters representing each TI. The plot
shows that DINO assigns most of the images to its corresponding TI based on their

semantic information, except for five realizations of TI1 grouped in the TI3 cluster.
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We hypothesize that this misclassification (a realization is assigned to a different
cluster) occurs because the five generated images depict similar characteristics as
TI3 (e.g., stationarity and channel proportion), making it difficult for DINO to
distinguish them correctly. For example, Figure 17 demonstrates the semivariograms
and facies proportions trend-maps of misclassified realizations 5, 6, and 7. We chose
the previous realizations because they are closer to TI3 than other realizations (1, 2,
3, and 4) in the t-SNE space (Figure 16). Their semivariograms show a similar spatial
continuity structure reproduction and the facies proportions in regions II, III, and IV,
which are close to that of TI3, within 0.1 difference. Furthermore, the average and
dispersion maps of TIl and TI3 are similar in the center. Nevertheless, the
misclassification is minor because they represent 0.125% of the overall generated
images, suggesting the high quality of the realizations from the SinGAN method.
This reduced-dimensionality analysis is conducted with unlabeled data, facilitating
a more straightforward visual check of the generated realizations and the detection

of misclassified realizations.
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5. Conclusions

The application of SinGAN enables the development of subsurface uncertainty
models, realizations based on geological scenarios represented as single,
nonstationary training images. The proposed enhanced minimum acceptance checks
for enhanced model checking are tailored for quality assessment of these SInGAN-
generated realizations, illustrated through distinct channelized model examples. This
includes comparison between realizations and the single training image of
experimental semivariograms and histograms, n-point histograms, pixel scale local
distribution maps and facies proportion trend map, multiscale local distribution

maps, and model dimensionality reduction analysis.

These minimum acceptance checks are demonstrated and baselined with the
example of nonstationary channels and in fact show that the included metrics, spatial
continuity, channel proportions, multiple-point statistics, and spatial nonstationarity
can be well reproduced by SinGAN. As a limitation, we observe a slight bias in the
reproduction of channel proportions in the presence of a strong spatial trend and
several generated realizations depict similar characteristics to other types of TIL.
Additionally, given the demonstration of the new minimum acceptance criteria
checks on nonstationary channel models generated by SinGAN, it is reasonable to
assume that this workflow can provide guidance in other applications, such as
calibrating uncertainty modeling and application to different types of subsurface
models (e.g., larger scale stratigraphic and geophysical models). Future work
includes improving the reproduction of complicated spatial nonstationarity by tuning
the SinGAN architecture based on the proposed enhanced minimum acceptance

checks.
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