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ABSTRACT

Subsurface reservoirs can be constructed based on Generative Adversarial Networks (GANs), but some
challenges cannot be overlooked. For example, both prior geological patterns and knowledge are hardly
quantified so that GANs cannot be trained without sufficient samples. Meanwhile, the heterogeneous
patterns are difficult to characterize, with less consideration of multiple geological constraints, resulting
in poor modeling accuracy and reliability. Therefore, we integrated Multi-Stage GAN (MSGAN) and
BicycleGAN to finely characterize heterogeneous reservoirs. Specifically, MSGAN can extract and
quantify geological patterns based on multiscale representations of pyramid structure. Through con-
current training and parameter inheritance, these simulated prior samples share the same feature space
with the Training Image (TI) so that they can support BicycleGAN's training. The bijective consistency
between latent codes and output modes is established, and reservoir characterization is achieved
through the nonlinear mapping between multiple conditioning data and output modes. Both synthetic
cases and field application were introduced to verify the applicability of the proposed modeling
framework. During data augmentation based on MSGAN, different simulations preserve a better gen-
eration diversity, and the complex geological pattern fitting with multiple geological constraints can be
reproduced by BicycleGAN. Each conditional simulation is similar to TI in terms of spatial variability,
channel connectivity and spatial structures, significantly reducing modeling uncertainties.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
nd/4.0/).

1. Introduction

2022). Recently, the deep-buried structural reservoir has aroused
much attention, but the nonlinear spatial correlation and distri-

Nowadays, unconventional resources exploration makes a
breakthrough based on advanced techniques (i.e., horizontal dril-
ling, high-precision 3D seismic prediction, etc.), which plays an
important role in national economic development and industrial
revolution (Liao et al., 2024; Yang et al., 2022). The complex sub-
surface storage space and physicochemical properties of sur-
rounding rocks provide a solid foundation for the resource
accumulation and transportation (Mishra et al., 2022; Yang et al.,
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bution are more complex, with significant heterogeneity and
anisotropy (Hosseinzadeh and Tavakoli, 2024; Madalimov et al.,
2025). Meanwhile, with the limited understanding for geological
backgrounds and sedimentary evolutions, both reservoir struc-
tures and internal physical parameter distributions cannot be
characterized accurately. Reservoir modeling can integrate multi-
source geological information, with geobody development scale,
geometric shape and physical parameter distributions being
visualized comprehensively (Cui et al., 2025; Fan et al., 2024a).
Therefore, heterogeneous reservoir characterization is crucial for
the unconventional resource exploration and assessment (Cui
et al., 2025; Madalimov et al., 2025; Wu et al., 2024; Yang et al.,
2022).
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Reservoir modeling can be divided into deterministic and sto-
chastic approaches (Cui et al., 2025; Fan et al., 2024a). Among
them, deterministic modeling is suitable for the regions with
abundant observations and simple geological structures. For the
heterogeneous reservoir bodies, however, the spatial resolution is
low and the modeling uncertainties cannot be quantified (Caers,
2011; Grana et al., 2021; Khalili and Ahmadi, 2023). Stochastic
modeling has a higher spatial resolution and modeling efficiency
compared with deterministic ones, and modeling uncertainties are
quantified based on multiple equiprobable outputs (Grana et al.,
2021; Khalili and Ahmadi, 2023; Li et al., 2021; Sakki et al.,
2022). As a typical stochastic simulation approach, the core idea
of geostatistical simulation is that regional variables in geological
domain are assumed to have a statistical correlation, and distri-
butions of different physical parameters can be reproduced based
on random function theories (Fan et al, 2025; Zakeri and
Mariethoz, 2021). For example, two-point statistics can charac-
terize geological patterns based on variogram function, with
spatial correlation between two points being only considered,
which is not suitable for the complex geobody modeling
(Abulkhair and Madani, 2022; Li et al., 2015). Multiple-point Sta-
tistics (MPS) can overcome these shortcomings, which uses
Training Images (TIs) to present regional variables correlation and
high-order statistical information so that geobody structure-
attribute properties are well reproduced (Levy et al., 2024;
Mariethoz and Caers, 2014; Zhou et al.,, 2024). TIs herein are
regarded as the prior models including both real observations and
geological knowledge (Mariethoz and Caers, 2014). However,
traditional MPS are based on the stationarity assumption, pre-
senting a poor simulation performance under nonstationary sce-
narios. Some improvements, such as probability fusion based on
z-model (Krishnan, 2008), local neighboring search (Chen et al.,
2018) and locally linear embedding (Zhang et al., 2017), were
proposed to reproduce the complex geological patterns under
nonstationary conditions, but too many parameters need to be
predefined manually, which is complicated and less efficient for
the large-scale and successive simulation processes.

Geo-modeling can be regarded as a target generation, which can
be achieved through deep generative learning. It uses nonlinear
neural network to fit high-order statistical distribution of training
samples so that realistic outputs are created (Salakhutdinov, 2015).
Due to their adversarial learning and better fitting abilities, Gener-
ative Adversarial Networks (GANs) show great potential in terms of
complex reservoir modeling. The target of the Generator (G) is to
output results that are similar to the training samples, while the
Discriminator (D) can distinguish whether the input data derives
from training samples (marked as True) or from G (marked as False).
Through iteratively training, the “Nash Equilibrium” is reached be-
tween G and D, that is, the output patterns are similar to the training
samples, and D cannot distinguish where the input data derives
from (Aggarwal et al., 2021; Creswell et al., 2018; Goodfellow et al.,
2016), then the pretrained G can be loaded repeatedly to realize the
target generation. The variations of GANs are widely used in the
reservoir modeling fields. For instance, for the heterogeneous pore
media reconstruction, Zhang and Zhang (2025) integrated Trans-
former (Vaswani et al., 2017) into GANs to improve the abilities of
contextual information extraction and long-term dependency
modeling, achieving the multiscale and diverse characterization of
pore structures. Xu et al. (2025) proposed a multistage and multi-
scale simulation strategy based on GANs. With the integration of U-
Net structure, multiscale discrimination and feature fusion blocks,
the reconstructed equiaxed pore systems show a clear geometric
shape and better connectivity. Based on focused-ion-beam scanning
electron microscope (FIB-SEM), Liang et al. (2024) proposed a
stepwise 3D super-resolution reconstruction of shale pore
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structures. It addresses the problems of inconsistency between
horizontal and vertical resolutions to enhance the reconstruction
clarity, providing foundations for evaluating pore sizes distribution
and connectivity. For better constructing subsurface sedimentary
systems, the SA-RelayGANs based on two-stage simulations were
proposed by Cui et al. (2024). In the first stage, the heterogeneous
subsurface structure was created to constrain the property predic-
tion in the second stage, presenting a better modeling capability for
the nonstationary delta construction. Based on single TI, Zhou and
Shi (2025) used multiscale symmetrical GANs to perform unsu-
pervised learning so that oversimplification of sedimentary facies
distribution and stronger dependency of prior knowledge can be
better solved. Furthermore, GANs are also successfully applied in
the reservoir numerical simulations. A GAN-based inversion algo-
rithm was proposed by Xie et al. (2022) to integrate both geological
pattern and prior knowledge. Then, Metropolis Markov Chain
Monte Carlo (MCMC) was introduced to select the optimal geo-
models so that inversion accuracy and modeling qualities are
improved. For accelerating the history matching and optimization
efficiencies, Wang et al. (2024) proposed a dynamic prediction
model based on a variety of view deep convolutional encoder-
decoder network, which can consider the effects of reservoir het-
erogeneity and time-varying well impacts simultaneously, thereby
improving the training efficiency and prediction accuracy.

However, some challenges still exist for the current GANs-based
modeling techniques: (1) Training process of GANs is always sup-
ported by abundant samples, for real application, however, the
number of prior samples are limited, with corresponding prior
geological knowledge being hardly quantified; (2) Deep-buried
reservoir units are subjected to multistage sedimentary evolutions,
with significant heterogeneity and complex geometric shape, and
the internal physical parameters are randomly distributed. It is
difficult for the traditional GANSs to finely extract the reservoir pat-
terns, and the output diversity is too poor to quantify the modeling
uncertainties; (3) During reservoir exploration, the sparse distrib-
uted observations might be regarded as a random noise by GANSs so
that the reconstructed geo-models cannot fit with the weak
geological constraints. Meanwhile, it is difficult for GANs to define
the nonlinear mapping correlation between multisource condi-
tioning data and output modes. Therefore, it is necessary to quantify
geological patterns and knowledge to create abundant and realistic
prior training samples. Then, based on multisource conditioning
data, we need to improve the structure and optimization process of
GANSs to achieve the reservoir conditional simulation accurately.

In this paper, we integrated Multi-Stage GAN (MSGAN) and
BicycleGAN to achieve 3D reservoir conditional simulation.
MSGAN herein is a kind of stochastic generating framework based
on small samples, which can capture global patterns and detailed
information of TI under small-scale and large-scale based on
multiscale representations of pyramid structure, thereby gener-
ating diverse and realistic geological prior samples. Since the
generated prior geological information shares the same feature
space with TI, we used the BicycleGAN to perform reservoir con-
ditional simulation. Compared with some GAN's variants (i.e.,
Progressive Growing GAN (PGGAN) and Style-based GAN), Bicy-
cleGAN is a kind of light-weighted multi-modal image-to-image
translation framework, which uses the bijective consistency be-
tween latent space and output modes to extract and quantify the
training sample high-order statistics. Meanwhile, the nonlinear
mapping between input conditioning data and output reservoir
patterns is defined so that the reconstructed models fit with
geological constraints. Though PGGAN and StyleGAN can create
high-resolution images, there are still some challenges during
reservoir conditional simulation (i.e., facies mismatch at well lo-
cations, huge computing overburden and training stability). Two
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synthetic TIs were introduced to verify the data augmentation
quality of MSGAN and simulation performance of BicycleGAN
respectively. Then, the hybrid framework was discussed in
different aspects (i.e., parameter sensitivity analysis and compar-
ative studies) and finally introduced into a real case application to
further verify the modeling applicability.

2. Methodologies

Fig. 1 illustrates the proposed modeling framework. Firstly, we
used the MSGAN to perform data augmentation based on prior
geo-models (TIs), then the conditioning dataset was defined for
each prior sample, which were used for training BicycleGAN to
realize the geobody conditional simulation.

2.1. Data augmentation based on MSGAN

2.1.1. Network structure and training optimization of MSGAN

A pyramid structure was introduced in MSGAN (Fig. 2) to
downsample TI (with length, width and height marked as L, W and
H) into different sizes. Specifically, assuming there are n training
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stages, y; = (L;, W;,H;)(i=1,...,n—1) refers to the target down-
sampling sizes in the i th training stage. If the size at n th stage is
predefined as yn = (Ln, Wn,Hn) (where L, <L, W, <W and
Hp < H), then in the remaining training stages, the sizes of TI after
downsampling are calculated as:

Vi =Yn x m((n—l)/log n)~log(n—i)-¢—17 i— 1’ eyl — 17 (1)
m= (min(L;, Hy, W;)/min(L-5, W-5, H-5)) /"1 (2)
s=min(max(L,, Wy, Hy) / max(L, W, H), 1), (3)

where min(*) and max(*) denotes the minimizing and maximizing
functions, m and § are the scale factors reflecting the increasing
trend of downsampling sizes from small-scale to large-scale. Note
that y, controls the output size in the final stage (equal to (L, H, W)
by default), and the simulation performance is impacted by n. For
3D cases, n can be set within 5-7 to avoid mode collapse (i.e., when
n is too small) or overfitting issues (i.e., when n is too large). Then,
m and 6 should be controlled within 0.6-0.85 to keep the geolog-
ical pattern fidelity. If the scale factors are too low, the statistical

Fig. 1. Experimental flowchart illustrating the data augmentation based on MSGAN (a) and reservoir conditional simulation based on BicycleGAN (b).
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Fig. 2. Network structure and training process of MSGAN.

differences in adjacent scales are relatively large, resulting in poor
performance in multi-scale geological pattern extraction and
channel connectivity. In contrast, a huge computing consumption
and redundant training might occur under relatively high scale
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factors. The range of these variables are determined through trial-
and-error. Therefore, within reasonable value of n, m, § and yp,
these downsampled geological patterns (i.e., channel connectivity,
nonstationary pattern and nonlinear boundaries) can be smoothly
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transmitted under different scales, with global geological infor-
mation (i.e., channel distribution) being presented in the coarse-
scale TI. With scale increasing, the detailed features (i.e., channel
boundaries and geometric shapes) are gradually presented so that
the receptive field in MSGAN can extract multiple geological pat-
terns under different scales.

The TI sets {Tl;, Tly, ..., Tl;} through downsampling of pyramid
structure are used for training MSGAN. In the first training stage,
there is only one Generator G; referring to the U-Net framework
along with multiple deep convolutional units (Ronneberger et al.,
2015). Then, a random noise z; is randomly sampled from the
Gaussian distribution and input into G; to get the current recon-
struction recy. After that, both rec; and TI; are input into D; to
distinguish the Ture/False probabilities. D; herein refers to the
PatchGAN-based form, which can perform discrimination task
through outputting scalar matrices (Isola et al., 2017). After

Petroleum Science 23 (2026) 5334-5358

optimizing G; and D; through stochastic gradient descent and
back propagation, in the second training stage, the output of G; is
upsampled and combined with z,, which is input into an addi-
tional G, to get the current reconstruction rec,. Both rec, and TI,
are input into D, to perform discrimination process, with G, and
D, being optimized iteratively in the same way. By repeating such
process, until the n th training stage, there are n Generators
{G1,G,, ...,Gp} connected with upsampling operators so that the
final output keeps the same size as the original TI.

Multiple Gs in MSGAN should be optimized to improve the
simulation quality. As the training stages increase, a higher
computing consumption may occur if all the Gs are optimized
simultaneously. In contrast, the parameter values will deviate
from the global optimum if only one G is optimized, resulting in a
poor simulation performance. Therefore, to balance the correlation
between simulation performance and computing efficiency, three

Fig. 3. Schematic diagram of BicycleGAN illustrating network architecture and training process.
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strategies are introduced to enable MSGAN to create realistic and
diverse prior geological patterns:

(1) Parameter inheritance: two adjacent Gs in MSGAN are

connected with the upsampling operator, and the corre-
sponding output geological patterns are similar to each
other. Therefore, it can be inferred that the network pa-
rameters for two adjacent Gs are also highly correlated.
Therefore, when the previous G has finished training, the
pretrained parameters can be directly assigned to the G at
the current training stage rather than being randomly
initialized. The parameter inheritance accelerates the
convergence of MSGAN so that the optimum values can be
transmitted across different training stages, avoiding mode
collapse issues.

(2) Concurrent training pattern: the concurrent training pattern

is introduced in MSGAN to optimize the whole training
process. Specifically, the maximum concurrent training
number Cy,x is predefined to control the number of Gs (n¢)
that needs to be trained. With the training stages increasing,
ng are gradually included in the training sequence. When
ng < Cmax all the Gs in the training sequence are optimized

Petroleum Science 23 (2026) 5334-5358

simultaneously. However, when ng > Cpax, the (ng — Cmax)th
G has already been trained many times, which is fixed and
popped out from the training sequence to reduce the GPU
computing burden, while the remaining Gs continue to be
trained. Meanwhile, different learning rates are assigned for
ng as follows:

0; = 62" i€ {0,1,....n}, (4)

where 0, is the predefined learning rate in the n th training stage, 1
is the scale factor set to 0.1 by default. From Eq. (4), a large learning
rate is assigned to the G that are newly introduced in the training
sequence, while a smaller learning rate is assigned to the Gs that
have been trained at least one time. Based on the concurrent
training pattern and dynamic fine-tuning of learning rate, multiple
Gs in different training stages are fully optimized.

(3) Residual connection: for the stacked Generator sequence
{Gq, Ga, ..., Gy}, from the third training stage, a residual
connection was introduced between Gy and G, 1, where 1 <
k < n— 1. Specifically, the output of G, is upsampled and
combined with that of G, through a shortcut connection,

Fig. 4. 3D reservoir TIs: (a) aquifer structural model; (b) sedimentary delta model.

Table 1

Parameter settings during training MSGAN and BicycleGAN.

Process Parameters Functions Aquifer structural model Sedimentary delta model
Data augmentation TmsGAN Training iteration times of MSGAN 500 400
based on MSGAN min_size The size of the generated image at initial training stage 10x10x10 10x10x10
NUM i Total training stages 5 5
OMSGAN Learning rate of MSGAN 0.0002 0.0001
Crax Maximum concurrent training number 2 3
agp Weight coefficient of Lgp 0.1 0.1
Qrec Weight coefficient of Lrec 10 10
Conditional simulation TicycleGAN Training iteration times of BicycleGAN 50 30
based on BicycleGAN batch_size The mini-batch samples randomly selected from the dataset 2 2
Zdim Noise dimension 8 8
AKL Weight coefficient of Lx;. 0.01 0.02
I, Weight coefficient of £}AE 10 10
Aatent Weight coefficient of £/jtent 0.5 0.5
Acon Weight coefficient of Lcon 1 1
OBicycleGAN Learning rate of BicycleGAN 0.0002 0.0002
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Table 2

Training time consumption and GPU memory usages based on two networks under two different scenarios.

Petroleum Science 23 (2026) 5334-5358

Process Training time consumption, s GPU memory usage, %
Aquifer structural Sedimentary delta Aquifer structural Sedimentary delta
model model model model

Data augmentation based on MSGAN 2374.95 1785.64 92.67 68.75

Conditional simulation based on BicycleGAN 1257.65 1186.49 35.65 32.78

Fig. 5. Unconditional simulation of aquifer structural model based on MSGAN and quantitative evaluations during batch simulation.
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thereby a “mixed” feature map is created and used as the
input of Gy ,. The identity mapping between input and
output can be learned based on residual connection to
further improve the characterization diversity of geological
patterns.

2.1.2. Loss function of MSGAN
A joint loss function was defined in MSGAN to optimize G and D
in different training stages:

Lmscan(Gi, Dj) :mg_n mDa_X“adv'cadv(Giv D;) + arecLrec(Gj),

ie{0,1,...,n},
(5)

where £,4,(G;,D;) and Lyec(G;) denote the adversarial loss and
reconstruction loss respectively, with different coefficient terms a4,
and arec used to balance the weights. a,4, makes MSGAN generate
the natural geological prior during adversarial learning, which is set
to 1 by default. However, arec should be set within a reasonable
range, otherwise, the poor generation ability or overfitting issue may
occur if arec is too small or too large. £,4,(G;, D;) is defined as:

Laav(Gi; D) = Ex,p, {D (5‘1) } — Exup [D(X;)] + agpLep

Lgp = Ezop, [(||v,~((D(?) )z =1 )2]
G(x), i=1,

X =
1 G<%ia)~(i71T)7 i:2a35---7n

where x; and X; denote the Tl and corresponding reconstruction in
the i th training stage. x;_;1 is the tensor obtained through
upsampling the outputs in the (i —1) th training stage. Lgp is the
gradient penalty regularization term, with weight coefficient agp
and gradient operator V. X is a tensor obtained by mixing x; and X;
with random proportions. Pg and P; denote the statistical distri-
butions of both generated and real samples. E is the mathematical
expectation. Based on Lgp, the gradient of loss function fits with 1-
Lipschitz constraint so that different training processes in MSGAN
are further stabilized. Lrec(G;) focuses on the global structural
similarity comparison between x; and x; following:

Lrec(Gi) = 1% — i3

(7)

Therefore, both G and D in different training stages can be
optimized through stochastic gradient descent and back propa-
gation, and simulation performance can be improved based on
concurrent training pattern and parameter inheritance. Finally,
abundant prior samples with diverse geological patterns are
generated and used for training BicycleGAN to achieve reservoir
conditional simulation.

2.2. Reservoir conditional simulation based on BicycleGAN

BicycleGAN is a kind of end-to-end conditional deep generative
framework, which defines the mapping correlation between the
input conditioning data and output modes to consider the
geological constraints effectively during simulation. It shows a
better simulation performance in terms of generation diversity
and fine characterization of property information compared with
Pix2Pix. Below we detail the theory, network structure, and loss
function of BicycleGAN.
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2.2.1. Theory and network structure of BicycleGAN

Fig. 3 illustrates the network structure and training process of
BicycleGAN, including two different sub-modules named condi-
tional Variational Autoencoder GAN (cVAE-GAN) and conditional
Latent Regressor GAN (cLR-GAN). The goal of c(VAE-GAN is to finely
characterize the heterogeneous reservoir patterns under geolog-
ical constraints. Specifically, B is firstly input to the encoding
function E to get a latent distribution Q(z|B). E herein aims to
predict a Gaussian distribution. Then, a latent vector is randomly
sampled from Q(z|B), which is integrated with conditioning data A
and input into G so that the desired output can be “noisy peeked”

to create simulation B (denoted as B—>z—>§). cLR-GAN embeds the
latent feature into the generation process, and the statistical dis-
tribution consistency between latent distribution N(z) and actual
test distribution P(z) is gradually recovered. Specifically, a latent
code is randomly sampled from Gaussian distribution and input
into G along with A. Then, the output is encoded into a latent
vector with noisy distribution (marked as Z) to provide a point

estimation (denoted as z—>§—>§). Meanwhile, two independent D s
are used to perform discrimination tasks in cVAE-GAN and cLR-
GAN, and corresponding network parameters are optimized
through different loss indicators (i.e., adversarial loss, conditional
loss, KL loss, latent distribution loss and reconstruction loss).

A bijective consistency between latent code and output mode is
defined (z< G(A, z)), in which G(A,z) is expected to preserve
enough latent information so that E can approximately recover the
original latent representation from the generated samples. Rather
than the mathematical bijection, the bijective consistency refers to
a reversible latent-output correspondence that encourages
different vectors to generate various and realistic output modes
while preserving latent-space consistency, which can be observed
through simulation diversity or quantitatively evaluated by the
convergence behavior of latent distribution loss. Therefore, cVAE-
GAN ensures the latent codes to capture diverse geological pat-
terns from the training data, while cLR-GAN tries to recover the
latent distribution from generation. This dual-path correlation can
prevent different latent vectors from generating the same outputs
(many-to-one mapping), and the latent space encodes the uncer-
tainty and ambiguity associated with geological patterns effec-
tively, thereby enabling multimodal generation that fits with
geological constraints.

Parameters for both G and E are weight-shared except for D. G is
composed of convolutional and deconvolutional layers to perform

Fig. 6. Feature space distribution for batch simulation of aquifer structural model
based on PCA, t-SNE and KDE.
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downsampling and upsampling respectively. The main differences
are: (1) An Instance Normalization layer was followed by each
convolutional and deconvolutional layer instead of Batch
Normalization, which normalizes all the channel features of mini-
batch samples to reduce the GPU computing overburden; (2) The

Petroleum Science 23 (2026) 5334-5358

soft-hard conditioning data and z are used as the input of G. z is
firstly expanded to the same size as the soft-hard conditioning
data, and then the value of soft-hard conditioning data is
normalized into [— 1, 1], matching the activation function Tanh at
the final output layer. These data are concatenated to form a

Fig. 7. Unconditional simulation of sedimentary delta model based on MSGAN and quantitative evaluations during batch simulation.
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multi-channel hybrid tensor so that G needs to define a transition
way from multiple conditioning data to output geological patterns.
Among them, the hard conditioning data refers to the real
geological observation with a high spatial resolution (i.e., borehole
data and geological sections). The soft conditioning data presents
the variable distribution uncertainty in terms of probability (i.e.,

Fig. 8. Feature space distribution for batch simulation of sedimentary delta model
based on PCA, t-SNE and KDE.

Petroleum Science 23 (2026) 5334-5358

geophysical interpretation and seismic inversion). Therefore, the
nonlinear mapping correlation between multiple conditioning
data and output modes was defined to improve the reservoir
characterization accuracy. The PatchGAN-based Ds were intro-
duced in cVAE-GAN and cLR-GAN, including two sub-frameworks
(D; and D,) to perform multiscale discrimination. Dy is mainly
composed of a convolutional layer, while an additional average
pooling layer is included in D,, which outputs two scalar fields
under different scales by downsampling input data. Each proba-
bility of the scalar fields denotes the discrimination result within
the local region, and detailed geological information is better
considered during simulation by calculating the average value of
scalar matrices. E is mainly composed of residual blocks, which
include a main pipeline and a shortcut-connection. By inputting
feature maps into the residual block, the outputs of two branches
are integrated through element-wise addition so that the size of
the final output is half-reduced compared with the input. After
one convolutional layer, three residual blocks and one average
pooling layer, the dimension of the output latent vector keeps the
same as z.

2.2.2. Loss function of BicycleGAN

A joint loss function, including adversarial loss and conditional
loss, is defined to optimize BicycleGAN. Adversarial loss can make
BicycleGAN generate geological patterns that are similar to the
training samples, while conditional loss can improve the facies

Fig. 9. Conditional simulations of aquifer structural model and uncertainty analysis.

5343



X.-C. Wu, W.-Y. Fan, S.-]. Peng et al.

reconstruction accuracy at the location of conditioning data.
Therefore, the joint loss function is defined as:

['BicycleGAN(Gv D,E) = LcvaE-GAN + LcLR-GAN + Acon*Lcons (8)
where Loyag_can and L r_can denote the loss function of cVAE-
GAN and cLR-GAN, respectively; Lcon is the conditional loss that
are only used for hard conditioning data. £.yag_gan is formulated
as:

Levag-Gan(G. D, E) = LA (G, D) + 21, LYAE(G, E) + Ak Lx (E),

(9)

where £YAE denotes the prior loss of cVAE-GAN, £YAF and Ly
denote the L; loss and KL loss respectively. As pixel-level operator,
L; loss herein focuses on the reconstruction of low-frequency in-
formation (i.e., global reservoir structures), while KL loss can
evaluate the distribution similarity between Q(z|B) and N(z).

VAE
Therefore, L{Ax

(G,D) =Eappap llog D(B)]
+ Eag~papllog(1 —D(G(A,2)))],

is defined as:

LVAE

GAN (10)
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where p(*) is the sample distribution, G(*) and D(*) are the out-
puts of G and D respectively, and E is the mathematical expecta-

tion. £YAE(G, E) and Ly (E) are formulated as:

LYME(G,E) =Epg-pap) kB |B— GA.2)|, (11)
Ly (E) = Epp@)[Dx(E(B) [NV (0, 1))], (12)
Dia(pla) = [ p@log bz dz (13)

where Dy (E(B)||NV(0,1)) denotes the KL divergence calculator be-
tween latent distributions E(B) and standard Gaussian distribution
N(0,]). Lr_can is defined as:

Lair-can (G, D,E) = LIR (G, D) + Apaent L™ (G, E), (14)

where £IR (G, D) is the prior loss of cLR-GAN, which is same as Eq.
(10). £}t js the evaluation of latent distribution loss, with cor-

responding weight coefficient Ajycenc. Therefore, £ is written
as:

L7 (G.E) = Eapia) z-pia) 12— E(G(A.2)) (15)

Fig. 10. Variogram model and connectivity function for batch conditional simulation of aquifer structural model.
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Fig. 11. MDS visualization for batch conditional simulation of aquifer structural
model.

Petroleum Science 23 (2026) 5334-5358

Furthermore, Lcon is defined based on L; regularization term:
Leon =|[MO(G(A,z) - B)||;, (16)

where M is the binary mask including two elements 0 and 1,
denoting the location of non-conditioning and conditioning data.
Based on the element-wise product operator (), facies labels at all
well locations are extracted between G(A,z) and B. Though the
definition of Lcon and L‘{AE are similar to each other, the former
one focuses on the facies reconstruction accuracy for single pixel,
while the latter one is used for evaluating the global structural
discrepancy. Meanwhile, the soft data conditional loss is not
considered in the experiment because it is regarded as an auxiliary
variable during reservoir simulation. Overall, G, D and E are iter-
atively optimized based on the joint loss function to achieve
conditional reservoir simulation.

3. Synthetic case simulation examples

Two synthetic TIs were used to verify the simulation per-
formance of the proposed approach. Apart from visual

Fig. 12. Conditional simulations of sedimentary delta model, with different layers being presented along vertical directions.

Fig. 13. Uncertainty analysis for batch conditional simulation of sedimentary delta model.
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appearance, we used different metrics (i.e., variogram model,
connectivity function, and Multi-Dimensional Scaling (MDS)) to
evaluate the simulation performance of MSGAN and Bicycle-
GAN. Through parameter sensitivity analysis, we discussed how
the parameter variations impact the output modes during data
augmentation, and the simulation performance was further
compared with that of the traditional approaches. Python 3.9.7
and PyTorch 1.10.1 were selected as the basic compilation
framework, and neural networks were trained on a workstation

Petroleum Science 23 (2026) 5334-5358

with an Intel Xeon Gold 5117 CPU, 64 GB RAM and a NVIDIA
GeForce RTX 4090 TI GPU.

Fig. 4 illustrates two synthetic reservoir TIs (https://github.
com/GAIA-UNIL/trainingimages), including an aquifer structural
model (size: 64x64x64, unit: voxel) and a sedimentary delta
model (size: 100x100x20, unit: voxel), which present significant
heterogeneity and anisotropy in the modeling domain. Meanwhile,
Table 1 summarizes some parameter settings during training
MSGAN and BicycleGAN, which were defined after trial-and-error

Fig. 14. Variogram model and connectivity function for batch conditional simulation of sedimentary delta model.
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based on a small proportion of training datasets. Specific network
structures of MSGAN and BicycleGAN for two synthetic cases were
summarized in the Supplementary data.

4. Results

Table 2 summarizes the training time consumption and GPU
memory usages of MSGAN and BicycleGAN based on two synthetic
TIs. Below we detail the simulation performances during data
augmentation and conditional simulation under different
scenarios.

4.1. Data augmentation based on MSGAN

4.1.1. Aquifer structural model

Some reconstructed geological prior model based on MSGAN
are presented in Fig. 5. The heterogeneities of aquifer channels
are well reproduced in the modeling domain, with clear geo-
metric boundaries and continuous distributions. It indicates that
MSGAN can create multiple realistic and diverse prior aquifer
structures. From variogram models, the simulated spatial vari-
abilities along different directions are similar to TI, and corre-
sponding function curves are closely distributed around the
reference line. There is a small discrepancy in facies connection
probability between batch simulation results and TI, presenting
different fluctuations and trends along different directions. The
pretrained MSGAN was used to perform 5000 times uncondi-
tional simulations, which were firstly reduced in dimension
based on PCA, then the differences were visualized in the feature
space based on t-SNE and Kernel Density Estimation (KDE)
(Fig. 6). These prior samples are uniformly distributed around the
central point (TI), while those samples that are far away from the
central point present a sparse distribution, with a smooth kernel
density profile overall. Therefore, it shows a simulation diversity
during data augmentation, maintaining a close spatial correla-
tion compared to TI and providing an abundant prior dataset for
training BicycleGAN.

4.1.2. Sedimentary delta model

The nonstationary patterns for different facies are well repro-
duced during unconditional simulation of sedimentary delta
model, without any independently distributed geological units in
the modeling domain (Fig. 7). Both mouth bar and distributary
channel are continuously distributed, with a high structural simi-
larity compared against TI. The differences are mainly concentrated
on the facies boundaries among different simulations. From var-
iogram model (Fig. 7), spatial variabilities along different directions
are significantly increased, with corresponding function curves
being closely distributed around the reference line. From connec-
tivity function analyses of mouth bar and distributary channel
(Fig. 7), the connection probabilities are similar to reference values,
with decreasing trends along different directions. 4000 times un-
conditional simulations were created based on pretrained MSGAN,
and after PCA-based dimensionality reduction, t-SNE and KDE,
these prior samples are closely distributed around the TI in the
feature space, with fewer outliers and a continuous kernel density
profile (Fig. 8). Therefore, MSGAN shows a better simulation per-
formance for the data augmentation of sedimentary delta model,
creating diverse prior samples to support training BicycleGAN.

4.2. Conditional simulation based on BicycleGAN
The conditioning dataset was predefined for each prior sample.

Borehole data with different numbers and distributions were
selected as the hard conditioning data. For the soft conditioning
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data, each prior model was smoothed by a Gaussian kernel with
different size to create the probability cube, which is regarded as
the geophysical interpretation. These probability cubes have
different spatial resolutions, with standard deviation being equal
to the pixel size of the Gaussian kernel. Therefore, these pre-
defined datasets were used for training BicycleGAN to achieve the
conditional reservoir simulation.

4.2.1. Aquifer structural model

Fig. 9 illustrates the reconstructions based on different borehole
data. All the simulated aquifer structural models fit the borehole
constraints (facies reconstruction accuracy at all well locations is
100%), and the aquifer channel is continuously developed in the 3D
space. Some metrics (i.e., Root Mean Square Error (RMSE), Peak
Signal-to-Noise Ratio (PSNR), Structural Similarity Index Mea-
surement (SSIM) and Lorenz coefficient) are used to quantitatively
evaluate the aquifer structural model simulation performance. The
values for RMSE, PSNR and SSIM for the reconstructed model are
0.258, 11.768 and 0.867 respectively compared against TI, indi-
cating a better reconstruction ability. The Lorenz coefficient is
0.513, which means that the heterogeneous patterns of aquifer
channel are reproduced effectively. Meanwhile, we calculated the
information entropy (IE) based on batch simulation following:

IE, — _ZfEL[TPW log TPS”], (17)

where f is the facies label, L is the total facies label set, T is the

simulation times and P,Sf ) is the preference probability of f for voxel
v. If the IE, is large, more facies labels might be randomly assigned
to v during simulation, with a high uncertainty. The high un-
certainties are concentrated on the facies boundaries, indicating a
diverse channel geometric shape, while the inner parts for two
facies labels have low uncertainties (Fig. 9). From variogram model
and connectivity function, the simulated spatial variabilities and
channel connectivity probabilities are close to the reference values
(Fig. 10). For the MDS visualization, small Euclidean distances are
presented in 2D feature space between the simulation and TI, with
a uniform distribution in the contour region (Fig. 11). Therefore,
based on the geological constraints, the heterogeneous structural
properties are well reproduced by BicycleGAN, and all the

Fig. 15. MDS visualization for batch conditional simulation of sedimentary delta
model.
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Fig. 16. Parameter sensitivity analysis for unconditional simulation of aquifer structural model based on MSGAN.

simulations are similar to TI in terms of spatial variability, channel
connectivity and spatial structures.

4.2.2. Sedimentary delta model

Fig. 12 illustrates four groups of conditional simulation of a
sedimentary delta model based on different borehole fields, with
different layers being presented along vertical direction. Nonsta-
tionary patterns are well constructed by BicycleGAN, without any
facies mismatch at well locations. In different layers, geometric
shapes of mouth bar and distributary channel are similar to TI,
with a continuous and wide distribution in 3D space. From un-
certainty analysis, the higher uncertainties are mainly distributed
in the facies boundaries, while the inner parts have relatively low
uncertainties (Fig. 13). Compared against the TI, the RMSE, PSNR,
SSIM and Lorenz coefficient of reconstructed delta are 0.052,
25.743, 0.992 and 0.616 respectively, indicating that the complex
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nonstationary patterns are effectively reproduced in the modeling
domain. From the variogram models (Fig. 14), the simulated spatial
variabilities within different h are close to the reference value,
presenting upward trends along different directions overall. For
mouth bar and distributary channel, the differences of connection
probabilities between batch simulation and TI are relatively small

Table 3
Statistical results of Simgp with different Cpax, in which the bold Simgp refer to the
optimum Cpax value for two scenarios.

Values Simgp, %
Aquifer structural model Sedimentary delta model
Cmax = 1 56.84 68.35
Cmax = 2 83.51 85.06
Cmax =3 95.07 88.87
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(Fig. 14). During MDS analysis, the simulated models are uniformly 5. Discussions

distributed around the TI in the feature space, maintaining sig-

nificant structural correlations (Fig. 15). Therefore, nonstationary 5.1. Parameter sensitivity analysis for MSGAN

patterns fitting with geological constraints can be constructed

based on BicycleGAN, with similar spatial variability and channel During training BicycleGAN, some parameters (i.e. zg;,;,) are less
connectivity compared against TI. sensitive for the conditional simulation performance, and the

Fig. 17. Parameter sensitivity analysis for unconditional simulation of sedimentary delta model based on MSGAN.
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remained ones (i.e., 6uscan, 4kL and 4y, ) are set within reasonable et al., 2024b). Specifically, min_size reflects the minimum size of
ranges through repeatedly fine-tuning. Therefore, the parameter the generated image at the initial training stage, with global
sensitivity analysis of BicycleGAN is not discussed in the paper. For structures being extracted by the receptive fields. If min_size is too
MSGAN, however, two important parameters min_size and large, the global information cannot be well characterized, thereby
numy,;, are closely related to the data augmentation quality (Fan impacting the simulation performance at subsequent training

Fig. 18. Comparative results for aquifer structural model reconstruction between BicycleGAN and Pix2Pix.
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stages. Furthermore, numy,;, directly controls the number of
training stages in MSGAN. If numy,,;, is too low, the heterogeneous
geological patterns cannot be well reproduced, with some inde-
pendent channel bodies being randomly distributed in the
modeling domain. With numy.;, increasing, though complex

Petroleum Science 23 (2026) 5334-5358

geological patterns can be reproduced effectively, a huge
computing overburden might exist. Referring to Fan et al. (2024b),
both min_size and numy,,;, are set as 10x10x10 and 5 respectively
for two synthetic cases so that the relationship between simula-
tion performance and computing efficiency is well balanced.

Fig. 19. Comparative results for sedimentary delta model reconstruction between BicycleGAN and Pix2Pix.
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Furthermore, we also found that the range of Chax also impacts the
simulation performance of MSGAN because it controls the number
of Gs in the training sequence. Specifically, when Cpax is set as 1,
only one G is trained in the current training stage, which might
impact the network convergence speed and geological pattern
extraction. The number of Gs in the training sequence increases
gradually by enlarging Cax, Which can not only cause additional
GPU computing overburden, but also impact the generation di-
versity. Therefore, by fixing other hyperparameters, we discussed
how Chpax impacts the MSGAN simulation performance in this
section. An estimator named overfitting degree (Simgp) was
defined to compare the similarity degree between the simulation
and TI:

55 1(vem — V)

S (18)

SimOD =

where S is the total number of simulation grids, V; is the voxel
index and I(*) is an indicator function. If the facies label between
vsim and V! is the same, then I(*) equals to 1, otherwise, I(*)
equals to 0. Therefore, if the percentage of Simgp is too large, it
indicates a poor generation diversity during data augmentation. In
contrast, if Simgp is too small, though the differences between
simulation and TI are significant, heterogeneous geological pat-
terns might not be well reproduced.

For two synthetic cases, Cmax was defined as 1, 2 and 3
respectively to verify the simulation performance of MSGAN. For
aquifer structural model, there is a poor channel continuity when
Cmax = 1, with a large discrepancy of connection probabilities
compared against the reference value. By increasing Cpax, how-
ever, the simulation performance of MSGAN is gradually improved,
especially when Cpax = 3, the simulation is too similar with TI, and
the connection probabilities are almost the same as the reference
value, with a highest Simgp (95.07%) (Fig. 16 and Table 3). There-
fore, by setting Cax = 2, the simulation performance and gener-
ative diversity of aquifer structural model are well balanced. For
sedimentary delta model, when C,3x = 1, geometric shapes of both
mouth bar and distributary channel are not developed continu-
ously, and corresponding connection probabilities are far away
from the reference value. Though the simulation performance is
improved by setting Cpnhax = 2, some artifacts still exist in the
modeling domain. When Cpax = 3, these artifacts are completely
depressed, and connection probabilities for mouth bar and dis-
tributary channel are close to the reference value, with the best
simulation performance overall (Simgp is smaller than 90%)
(Fig. 17 and Table 3). Therefore, Cpax should be set within a
reasonable range so that MSGAN can provide realistic and diverse
simulations during data augmentation.

5.2. Comparative study with Pix2Pix

The simulation performance between BicycleGAN and Pix2Pix
was compared based on two synthetic TIs. Pix2Pix can realize the
style transformation between two image domains. For reservoir

Table 4
Parameter settings for CIQ simulation.
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modeling, the conditioning data can be directly input into Pix2Pix
to obtain the reconstructions (Isola et al., 2017). The hard condi-
tioning data were only input into the G in Pix2Pix, and one
PatchGAN-based D was used in Pix2Pix to perform discrimination
task. During training process, the loss function for Pix2Pix was
combined with adversarial loss and L; regularization term. We
fixed the borehole field distribution during comparative study, and
results show that the geometric shape of aquifer channels con-
structed by Pix2Pix is not clear, with some artifacts existing in the
3D space, while the reconstructions based on BicycleGAN have a
better visual appearance (Fig. 18). The spatial variability simulated
based on BicycleGAN is closer to the reference value, and the
channel connectivity is more continuous than that of Pix2Pix. MDS
analysis also indicates that the contour region of batch simulation
based on BicycleGAN is close to the TI in the feature space, while
for Pix2Pix-based batch simulation, the contour region is deviated
from the TI. For sedimentary delta model simulation, though
nonstationary patterns are effectively reproduced by both frame-
works, there are some noises in the models constructed by Pix2Pix
(Fig. 19). We inferred that due to the L; regularization, Pix2Pix
mainly focuses on the global pattern reconstruction while detailed
features are overlooked. Quantitative evaluations indicate that
simulation performance of BicycleGAN is more advanced than that
of Pix2Pix in terms of spatial variability, channel connectivity and
spatial structures. Overall, high-order statistical properties of
training samples are well extracted by BicycleGAN so that both
global patterns and local detailed features are considered simul-
taneously, revealing a great potential in the heterogeneous reser-
voir conditional simulation.

5.3. Comparative study with Conditional Image Quilting (CIQ)

In this section, we compared the simulation performance be-
tween BicycleGAN and Conditional Image Quilting (CIQ). CIQ is a
kind of pattern-based stochastic simulation approach, which links
multiple patches extracted from TI to improve the facies conti-
nuity in overlap regions. Meanwhile, both dynamic programming
and template splitting are introduced to fit geological constraints
(Mahmud et al., 2014). Some main parameter settings and corre-
sponding functions are listed in Table 4. For comparison of aquifer
structural model simulation, channel boundaries are clearly
characterized by BicycleGAN. The simulated spatial variabilities,
channel connectivity and spatial structures based on BicycleGAN
are better than those of CIQ (Fig. 20). For the sedimentary delta
model simulation, the nonstationary patterns for mouth bar and
distributary channel are reproduced by BicycleGAN, while a less
continuous geometric shape is presented for the reconstruction of
CIQ, with some independently distributed reservoir units existing
in 3D space. From quantitative analyses, spatial variabilities,
channel connectivity and heterogeneity of sedimentary delta are
well characterized by BicycleGAN compared against CIQ (Fig. 21).
Overall, BicycleGAN is more suitable for the heterogeneous
reservoir simulation than CIQ.

Parameters Functions TI categories
Aquifer structural model Sedimentary delta model
Soverlap Control the continuity and diversity between two geological patches 8x 8 x8 12x 12 x 2
Spatch Relate to the simulated structural scale 3x3 x3 3x3 x1
NUMeplicates Determine the diversity of candidate patches at different steps 5 5
Weon Balance conditioning accuracy against overlap errors 0.8 0.8

5352



X.-C. Wu, W.-Y. Fan, S.-]. Peng et al.

Petroleum Science 23 (2026) 5334-5358

Fig. 20. Comparative results for aquifer structural model reconstruction between BicycleGAN and CIQ.

5.4. Field application

Finally, the proposed modeling framework was introduced into
the Norne oil field subsurface modeling. A 2D full-stack seismic
section (size: 10975, unit: pixel) was extracted from a 3D seismic
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survey (Fig. 22(b)), which extends for 1400 m laterally, and covers
a vertical interval of 267 ms two-way time. The region presents a
sedimentary trend from shallow marine to fluvio-deltaic, with one
exploration well existing in the section profile (Fig. 22(c)) (Miele
and Azevedo, 2024). We firstly created the TI referring to existed
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Fig. 21. Comparative results for sedimentary delta model reconstruction between BicycleGAN and CIQ.

geological knowledge, in which mudstone units are randomly prior sample, a different number of boreholes parallel to y-axis
developed in the sandstone field (Fig. 22(a)). Then, the pretrained were randomly selected as the hard conditioning data. We herein
MSGAN was used to generate 4500 unconditional simulations, selected the seismic data as the soft conditioning data. Referring to

with some prior patterns being presented in Fig. 22(d). For each the acoustic impedance value (Ip) distribution at well location, the
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Fig. 22. Modeling results based on MSGAN and BicycleGAN: (a) Training Image at Norne oil field; (b) full-stack seismic data; (c) borehole data and Ip value distribution; (d) data
augmentation based on MSGAN; (e) conditional simulation based on BicycleGAN constrained by (b) and (c).

Direct Sequential Simulation (DSS) (Soares, 2001) was used to
create the Ip model for each sample (spherical variogram model,
no nugget effect, and the range was set as 10 m), and corre-
sponding synthetic seismic data was created based on a known
source wavelet and forward modeling process. Therefore, different
training data pairs including borehole data, seismic data and TIs
were used for training BicycleGAN. During testing stage, both well
data and real seismic data were input into the pretrained Bicy-
cleGAN to reproduce the subsurface structures. Specific network
parameter settings were provided in the Supplementary data.
Different modeling results present significant heterogeneous
patterns in the modeling domain, without any facies mismatch at
well location (red dashed line in Fig. 22(e)). Furthermore, we
calculated the variogram model and connectivity function based
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on batch conditional simulation (Fig. 23). These simulated spatial
variabilities and connection probabilities are close to the reference
values, with corresponding function curves keeping a similar trend
compared against the reference lines. Since there is only one
existing well in the modeling region, and the modeling reliability
might be reduced if the synthetic virtual borehole is included,
therefore, the 2D application is mainly illustrated in this chapter.
However, the proposed modeling framework can also be applied to
3D scenarios. For each 3D prior sample simulated by MSGAN, we
can randomly select borehole data in the modeling domain, then
create the corresponding Ip model through DSS based on facies
acoustic impedance distribution, and synthetic seismic data can be
obtained through forward modeling based on the source wavelet.
Consequently, the nonlinear mapping between two different
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Fig. 23. Variogram model and connectivity functions based on batch conditional simulation.

geological domains (i.e., conditioning dataset and geological pat-
terns) can be learned by BicycleGAN, thereby constructing the real
3D subsurface models based on real borehole field and 3D seismic
data.

6. Conclusions

This paper presents a hybrid reservoir modeling framework
integrating with MSGAN and BicycleGAN, addressing the chal-
lenges in terms of prior geological pattern generation, complex
pattern quantification, and conditional simulation with multiple
geological constraints. Specifically, based on the multiscale rep-
resentation of the pyramid structure, MSGAN can extract both
global features and local details under small-scale and large-scale
respectively. With the multi-stage generation and a series opti-
mization strategy, MSGAN can output diverse and realistic prior
geological patterns to support BicycleGAN's training. For Bicycle-
GAN, with the joint effort of cVAE-GAN and cLR-GAN, the bijective
consistency between latent codes and output modes is defined to
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avoid many-to-one-mapping. Through the joint loss function
optimization, the multi-modal translation from conditioning
dataset to realistic reservoir patterns can be achieved.

However, the proposed framework still has some limitations,
such as the weak interpretability during generation and
complexity of fine-tuning different parameters. To address these
issues, the future outlook will focus on two aspects: (1) enhancing
interpretability by traversing latent semantic space to identify
optimal latent vectors and visualizing feature propagation across
layers, thereby providing theoretical support for uncertainty
quantification; and (2) developing an adaptive parameter fine-
tuning strategy based on meta-learning and multi-objective opti-
mization instead of manual trial-and-error, ensuring all the pa-
rameters are close to the global optimal interval.
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