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This study proposes a neural network (NN)-assisted, physics-informed framework for global flow-based
upscaling to accelerate reservoir simulation. While traditional global upscaling methods can accurately
capture fine-scale flow characteristics, their high computational cost hinders practical application in
ensemble-based uncertainty quantification and optimization workflows. Existing NN-assisted upscaling
approaches predominantly rely on numerical simulation data, which remains computationally expen-
sive and often lacks physical interpretability. Furthermore, no current method enables physics-informed
training for corner-point grid (CPG) models without simulation data, limiting the application of deep
learning in practical geological model upscaling. To address these limitations, we develop a finite-
volume physics-informed Fourier neural operator (FV-PIFNO) as a pressure-solution surrogate model
for CPG models. This physics-driven approach eliminates the need for simulation data and inherently
enforces inter-grid flux continuity during inference. A flow-based numerical post-processing procedure
is designed to compute coarse-grid transmissibility and well index that are strictly equivalent to fine-
scale fluxes, naturally extending to non-orthogonal CPG systems. Comparisons are designed between
different mapping and driving methods. Validation on synthetic models demonstrates that the fully
physics-constrained approach achieves high accuracy in both single-phase and two-phase flow simu-
lations, along with strong generalization to heterogeneous scenarios. Application to a standard SAIGUP
model confirms that the framework achieves accuracy comparable to numerical upscaling while
significantly improving computational efficiency, demonstrating its potential for practical, high-fidelity
reservoir upscaling.
© 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/).
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1. Introduction

Groundwater contamination (Neukum and Azzam, 2009;
Banaei et al., 2021), hydrocarbon reservoir development (Yan
et al., 2019; Wu, 2016), geological storage of carbon dioxide
(Zhang and Agarwal, 2013; Kumar et al., 2005), and underground
hydrogen storage (Zhao et al., 2024; Feldmann et al., 2016) require
dynamic analysis, scheme design, and decision-making that
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depend on numerical simulation for prediction and evaluation.
Geologists and engineers usually employ fine grids to model
complex subsurface structures (Houlding, 1994). Although these
high-resolution models can provide detailed descriptions of
geological features, directly applying them to fluid-flow simula-
tions imposes substantial computational costs. Therefore, model
upscaling is frequently required (Farmer, 2002). The key physical
properties of fine-grid models are reasonably homogenized to a
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coarser scale, thereby greatly reducing computational time while
maintaining comparable simulation accuracy. Permeability, as one
of the critical non-additive parameters characterizing subsurface
fluid-flow capacity, strongly influences the approximation for the
original fine model (Wu et al,, 2002). An ideal upscaled model
should generate reasonable coarse-scale parameters that the
simulation results remain consistent with the fine-scale accurate
solutions (Qi and Hesketh, 2005; Krishnamurthy et al., 2024).
Consequently, developing upscaling methods that combine accu-
racy, efficiency, and applicability has become a popular and chal-
lenging direction.

Over the past decades, various upscaling methods have been
proposed, which can be categorized into analytical approaches and
numerical-solution-based approaches (Qi and Hesketh, 2005).
Among them, flow-based methods that rely on numerical solu-
tions are considered to have strong applicability, including purely
local, extended local, global, and quasi-global types (Durlofsky,
2005). Flow-based methods typically impose boundary condi-
tions locally or globally, solve the flow equations, and compute
coarse-grid properties that are equivalent in fluid flux, thereby
reproducing fine-scale characteristics as closely as possible. The
results of upscaling are usually non-unique, depending on the
chosen scheme, and are related to grid geometry and the imposed
boundary conditions (Dagan et al., 2013). In particular, global flow-
based methods impose global boundary conditions over the entire
domain (White and Horne, 1987; Holden and Nielsen, 2000) and
are regarded capable of providing accurate upscaling results under
given well and boundary conditions (Zhang et al., 2008; Alpak,
2021). Moreover, global methods are well suited for models with
complex geological structures that are modeled using corner-point
grids (CPGs) (Islam et al., 2021). However, these methods usually
require solving fine-grid models, which is computationally
expensive. This limits their application in practical downstream
scenarios, especially in simulation and optimization workflows
that involve multiple numerical models. In robust optimization
workflows that account for geological uncertainty (Pan et al., 2015;
Siraj et al., 2016), it is often necessary to simulate ensembles of
models with different permeability fields to construct parameter
spaces for uncertainty assessment. In closed-loop reservoir man-
agement (CLRM) (Wang et al., 2009; Jansen et al., 2009), perme-
ability fields are frequently updated based on collected real-time
data. Some multiscale methods involve the use of multiple nu-
merical models with different resolutions, including sequential
use of models to accelerate simulations (Kostakis et al., 2020), or
employing results from different simulations for multi-fidelity
neural network (NN) training (Jiang and Durlofsky, 2023).
Ensemble-based upscaling has also been proposed (Chen and
Durlofsky, 2008), in which upscaling is performed at the
ensemble level to control and correct upscaling errors. In more
complex application scenarios that consider multiple factors and
require rolling updates (Salehian et al., 2021; Chen et al., 2009), the
number of models requiring upscaling grows in proportion to the
product of multiple factors. Therefore, incorporating global
methods into practical workflows results in significant computa-
tional costs, which diminishes their practical value.

In recent years, artificial intelligence technologies, with deep
learning (LeCun et al., 2015) as a prominent representative, have
developed rapidly. A growing number of studies have begun to
exploit the strong nonlinear learning capacity of NNs to assist in
model upscaling. For example, Sayyafzadeh and Guérillot (2022)
treated the upscaling problem as an image downsampling task
with NN assistance. Pal et al. (2023) attempted to enable NNs to
learn upscaling mechanisms from extensive geological practice.
(Ma et al., 2024; Kodama et al., 2024) generated large datasets of
“original properties—upscaled results” through simulations for NN
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training, thereby transforming the upscaling into a rapid forward
inference. Ramos et al. (2023) employed optimization algorithms
to refine the end-to-end surrogate NN mapping from properties to
results. Santos et al. (2022) trained an NN on numerical upscaling
results and then develops an adjustment procedure to enhance the
inference accuracy of the NN. However, these “black-box” models
contain several issues: (1) NN training requires large amounts of
labeled data, the acquisition of which is computationally expen-
sive. (2) Trained NNs usually upscale only to a fixed resolution,
which limits their broader applicability. (3) The workflows lack
physical constraints, so the NN outputs may be physically
inconsistent.

Actually, NNs can be employed to approximate the most
computationally expensive pressure-solution step in the upscaling
process. A series of studies have researched numerical simulation
surrogate models (NSSMs) (Tang et al., 2020; Jin et al., 2020; Lin
et al,, 2024). In addition, a class of deep learning methods named
as neural operators has demonstrated superior performance in the
parametric learning of partial differential equations (PDEs) (Lu
et al., 2022). Representative methods include the deep operator
network (Lu et al., 2021) and the Fourier neural operator (FNO) (Li
et al., 2020). Several variants of neural operators have been pro-
posed (Wen et al., 2022; Tariq et al., 2025), demonstrating strong
capability in learning subsurface flow problems. In a recent study
(Wang et al.,, 2025), the FNO was applied to learn the direct
mapping from fine-grid parameters to upscaled results, and it
exhibited strong inference capability. However, most existing
studies focus on improving the accuracy of NSSMs, and research on
assisting upscaling remains scarce. Moreover, as far as we know,
no study has employed neural operators to construct NSSMs for
the purpose of assisting model upscaling.

Concurrently, physics-informed neural networks (PINNs)
(Raissi et al., 2019; Cai et al., 2021) have provided profound in-
sights into improving the learning of physical problems by NNs.
Physics-constrained approaches have also been applied to the
training of NSSMs (Donnelly et al., 2024; Wang et al., 2020),
including the integration with the neural operator (Li et al., 2024;
Wang et al., 2021). The incorporation of physical knowledge im-
proves inference accuracy comparing with purely data-driven
approaches (Yang et al, 2024; Koric and Abueidda, 2023).
Furthermore, several studies have proposed physics-constrained
loss functions based on discretized PDEs (Zhang et al., 2023; Yan
et al., 2024) to address the convergence difficulties of automatic
differentiation (AD)-based losses in heterogeneous problems (Lin
et al., 2025). Such discretized losses have also been employed in
the training of NSSMs (Wang et al., 2022). Moreover, recent studies
have combined discretized physical constraints with neural
operator methods to further enhance model performance (Rezaei
et al., 2025; Eshaghi et al., 2025; Xu et al., 2024; Harandi et al.,
2025). To date, most deep learning-assisted upscaling methods
still lack physical constraints (Wang et al., 2023) utilized physics-
constrained NNs to construct surrogate models of the local pres-
sure solving procedure, thereby accelerating the local flow-based
upscaling. However, there is still a lack of research on physics-
driven NSSMs for CPG models, as well as a lack of NN-assisted
flow-based upscaling methods applicable to CPGs.

In this study, we design a physics-driven NN-assisted upscaling
method considering permeability heterogeneity to achieve effi-
cient flow-based upscaling of CPG reservoir models. Several NNs
based on the FNO is trained to learn the fine-scale pressure-solving
surrogate model, thereby replacing the computationally expensive
numerical simulation procedure. The FNO can effectively capture
universal low-frequency features and possesses cross-resolution
inferential capability (Wang et al., 2020). During model training,
discretized PDEs based on the finite volume method (FVM)
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(Eymard et al., 2000) are used to construct a physics-constrained
loss function. This method, referred to as the finite-volume phys-
ics-informed Fourier neural operator (FV-PIFNO) (Yan et al., 2025),
defines physical consistency through control volumes and fluid
fluxes, in contrast to computing derivatives at spatial sampling
points via automatic differentiation. This discretization reduces
the convergence difficulties caused by high-order derivatives and
suppresses the amplification of high-frequency errors. Further-
more, the finite-volume formulation naturally guarantees strict
local mass conservation at the discrete level for each control vol-
ume and each time step (Eymard et al., 2000), which is a funda-
mental requirement for strongly nonlinear multiphase flow in
reservoir simulation (Chen et al., 2006). It also exhibits superior
numerical robustness when applied to corner-point grids, whose
geometries are highly distorted while their topological structures
remain regular, thereby enabling stable treatment of complex
engineering features such as fault displacements, layer pinch-outs,
and well-grid coupling (Durlofsky, 2005). In contrast, weak-form
finite-element discretizations do not inherently satisfy local con-
servation (White et al., 2021) and, when applied to corner-point
grids, are prone to degraded isoparametric mappings, reduced
quadrature accuracy, and ill-conditioned system matrices
(Prabhune and Suresh, 2024). These issues render numerical sta-
bility highly sensitive to grid quality and significantly increase
implementation complexity. The integration of FNO with FVM in
this study is therefore specifically intended to inherit these ad-
vantages. FVM strictly relies on neighbor connectivity to calculate
fluxes, and although CPGs exhibit complex geometries in the
physical domain, they retain structured characteristics in the
computational (logical) domain; FNO is inherently well-suited for
such structured tensor data, capable of preserving grid topological
information along with spatial global and local properties. The
trained model is incorporated into the upscaling workflow, fol-
lowed by explicit procedure for flux-equivalence calculation. This
NN-assisted workflow can rapidly output upscaled transmissibility
and well index at arbitrary coarse resolutions for CPG models.
Essentially, this method embeds physical consistency into the
entire chain of NN-assisted upscaling. The discretized constraint
enforces flux conservation across different grids and enhances the
NN inference consistency with physical laws. The coarse-scale
reconstruction of transmissibility and well index strictly follows
the flux equivalence and is inherently robust to the non-
orthogonal connections of CPGs. To the best of our knowledge,
no prior study has employed NNs to establish NSSMs for CPG
reservoir models, nor to perform NN-assisted flow-based upscal-
ing of these models. These challenges include the high cost of fine-
scale simulations, grid non-orthogonality, and the low general-
ization capability of models in unseen domains.

The key contributions of this study are summarized as follows:
(1) Data-free physics-driven workflow: We introduce a label-free
training mechanism based on discretized FVM residuals, which
ensures physical consistency and seamlessly couples pressure
prediction with the explicit derivation of coarse-scale parameters.
(2) Corner-point grid adaptability: By leveraging the logical to-
pology of non-orthogonal CPGs, the method successfully imple-
ments physics-informed constraints on complex geometries,
bridging the gap between neural operators and reservoir model
grids. (3) Arbitrary coarse-scale upscaling: The model learns the
fine-scale pressure mapping, enabling the explicit, post-
processing derivation of upscaled parameters at arbitrary coarse
resolutions without retraining.

In the case studies, we design comparisons among three
representative NN-assisted upscaling pathways: fully end-to-end,
data-driven NSSM-assist, and physics-driven NSSM-assist. The
results indicate that the proposed physics-driven method achieves
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the best upscaling accuracy and exhibits superior extrapolation
capability to heterogeneous-distribution scenarios. We also
conduct tests on the SAIGUP model (Howell et al., 2008) with more
complex geological structures, where the new method achieves
upscaling accuracy comparable to simulation methods while
providing substantially improved efficiency.

The remaining content of this paper is arranged as follows. The
Methodology section introduces the flow governing equations, the
upscaling theory, and the neural NN-assisted upscaling methods.
The Results and Discussion sections present comparations of
different case studies. The Conclusion section summarizes the
main findings of this study and outlines future directions.

2. Methodology
2.1. Flow-based upscaling of reservoir models

The primary objective of flow-based upscaling of reservoir
models is to approximate the effects of fine-scale heterogeneity on
fluid flow behavior as closely as possible in subsequent calcula-
tions of the coarse-scale model (Durlofsky, 2005). The flow prob-
lem is typically formulated as a single-phase steady-state flow
based on Darcy's law, and the governing equation is

v=— L—(Vp (1)
V-v+q=0 (2)
P =Py, on Dirichlet boundary I'p (3)
V- n = v, on Neumann boundary I'y (4)

Here, v is the velocity; K is the permeability tensor; p is the
pressure; q is the source/sink term; py. is the pressure on the
Dirichlet boundary; n is the unit normal vector; and v is the
velocity on the Neumann boundary.

Flow-based upscaling of permeability typically seeks an effec-

tive permeability tensor K~ to reproduce the total fine-scale flux
across each homogenized coarse-scale domain, satisfying the
following equation:

/ KVpdX =K' / VpdX (5)
Q Q

where @ is any homogenized coarse-scale domain and dX is the

differential volume element. The upscaled permeability tensor K*
is generally not uniquely determined, as it depends on the flux
through £, which in turn is determined by the different boundary
conditions (Dagan et al., 2013).

2.2. Numerical simulation-assisted upscaling

Using observed reservoir boundary conditions and specified
well conditions to guide upscaling is commonly termed well-drive
upscaling (Zhang et al., 2008). Global transmissibility upscaling
can better capture continuous non-local geologic heterogeneities,
including those modeled on corner point grids (Alpak, 2021). A
clearer understanding of the boundary conditions in the actual
simulation allows for the calculation of more accurate equivalent
parameters (Durlofsky, 2005). In this study, we focus on trans-
missibility upscaling for the purpose of accelerating reservoir
simulation.

At the fine scale, the model boundaries are set with no-flux
Neumann boundaries, and the locations and conditions for the
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injection and production wells are also defined based on actual
scenarios (high pressure is assigned to injection wells and low
pressure to production wells). By substituting Eq. (1) into Eq. (2)
and discretizing the result using the FVM, the following discrete
equation is deduced

> (%Tu (Pj —Pi)) +qV;=0

JjeGi
where i and j are the indices of the fine grids; x is the fluid vis-
cosity; V is the element volume; G; is the set of elements adjacent
to the i-th element; and Tj; is the transmissibility between fine
grids, which is defined by
T AjiKij

L di + dj

(6)

(7)

where Aj; is the interfacial area between the grids; Kj is the

harmonically averaged permeability between the grids; and d is

the vertical centroid-to-interface distance. q is defined by the

following Peaceman equation (Peaceman, 1993):
1

q=_WI(p—pur) (8)
)2

where p,r is the bottom-hole pressure (BHP) and WI is the well

index, which is defined as

ZTCI<ah

WI:ln (re/Tw) +S

(9)

where ry and re indicate the wellbore radius and equivalent
radius, respectively; h is the thickness of the connected formation;
Kj is the effective permeability normal to the wellbore; s is the skin
factor.

In this study, we employ closed (no-flow) outer boundaries and
fixed bottom-hole pressure (BHP) well controls, implemented via
the standard Peaceman model. This consistent setup establishes a
unified global driving mechanism, defining the learning task as a
stable permeability-to-pressure operator that aligns with the
FNO's spectral inductive bias. The FVM-based loss strictly enforces
these constraints, automatically satisfying zero-flux outer
boundaries and embedding well controls directly into the local
residuals, thereby ensuring rigorous mass conservation and
physical consistency.

At the coarse scale, as shown in Fig. 1, an equivalent trans-
missibility is calculated for the new interface (the red portion)
between any two coarse blocks after upscaling, ensuring that the
flux matches the total fine-scale flux. Fig. 1 shows an example with
a regular grid; in actual reservoir simulations, the fine grids and
the coarse grids are typically irregular CPGs. In the coarse-scale
simulation, the upscaled T is used directly, which avoids the po-
tential deviation caused by recalculating transmissibility from Eq.
(7), particularly on non-orthogonal CPGs. Therefore, the upscaled
transmissibility T is calculated by

1= /. _
@U:;Tu@l—p]) (10)
where I and J are the indices of the coarse blocks; p; and pj are the

volume-weighted average pressures of the I-th and J-th coarse
grids; and @ is the flux between the coarse grids, calculated by
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(11)

ay=3 %%’(PJ—PI')

ijely

where I'y; is the interface between the coarse blocks. Additionally,
the equivalent well index W1 is calculated using

o 1

Wl=—— WI; (p; — 12
B Pt o i(Pi = Pur) (12)
In the numerical simulation-assisted global upscaling

(NSAU) workflow, Eq. (6) is first solved at the fine scale to
obtain p. The fine grids are then merged into coarse grids
through re-gridding. Finally, the upscaled parameters are
calculated using Eq. (10) and Eq. (12). In this study, MATLAB
Reservoir Simulation Toolbox (MRST) (Lie, 2019) is used to
perform both the fine-scale pressure solution and the re-
gridding steps.

2.3. Neural network-assisted upscaling

In this section, we introduce NN-assisted upscaling
methods, which use NNs to learn the mapping relationships in
specific steps of the upscaling workflow. After sufficient
training, the NN reasoning is used to replace specific compu-
tational processes. As shown in Fig. 2, the NN architecture is
based on the FNO (Wang et al., 2020) and its variants for flow
problems (Wen et al.,, 2022; Yan et al., 2025). This method
utilizes the Fast Fourier Transform (FFT) (Chi et al., 2020) and
suppresses high-frequency noise, thereby capturing universal
low-frequency patterns among samples to achieve robust
generalization. Because the global feature extraction is per-
formed in the frequency domain, this approach is also consid-
ered to possess strong cross-resolution generalization
capability (Wang et al., 2020).

The multi-layer mapping of the NN can be represented as

H o HO o HO « H? o ... « g™  Hlout) (13)
where H(™ and HUY are the input and output variables of the
NN, respectively; HO HM...HM are the intermediate variables
of the hidden layers; and m is the number of intermediate
variables.

Within the framework of global transmissibility upscaling,
fine-scale anisotropy is no longer equivalently calculated in
the form of tensors within coarse blocks. Instead, this direc-
tional dependence is uniformly encoded as the spatial dis-
tribution and magnitude of transmissibility. In other words,
the anisotropic permeability tensor can be input in a multi-
channel format to the NN, but the output is always a
single-channel transmissibility scalar. In this study, the input
K is simplified to be the isotropic K to improve computational
efficiency.

In Fig. 2, the first component of the NN is the input layer, with
its mapping defined in Eq. (14), which embeds K and the spatial
coordinates X, Y, and Z (grid-center coordinates) into a high-
dimensional space:

HO =w(m. g X y,Z] + bim (14)

where WM is the weight of the input layer and b is the bias of
the input layer. The mapping equation of hidden layers is
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a

Fig. 1. Upscaling of transmissibility with known boundary condition.

H ) H© HM H(m-1) Hm) H (out)
Fourier Fourier
Input layer layer 1 — layer m Output layer
:] Variables in NN training
:] Learnable parts in NN
:] Fixed computations
:] Details of Fourier layers

Fig. 2. Basic neural network architecture for assisting model upscaling.

MU:GuU@N@4QWfQN40)+mewQN40))v1

=1, m-1

(15)

where GELU is the Gaussian Error Linear Unit (Hendrycks and
Gimpel, 2016), which achieves smooth activation through
Gaussian distribution gating and exhibits better convergence sta-
bility and generalization capability in deep models (Devlin et al.,
2019; Lee, 2023); BN is Batch Normalization; F is the Fourier
Transform and F~! is the inverse Fourier Transform; R is the low-
pass filtering layer in the frequency domain, with its dimensions
determined by the hyperparameters ny, ny, and n, that control the
number of modes in three spatial directions; and Conv is the
convolutional layer. After multiple hidden-layer mappings, the
mapping of the output layer is

Hlout) _ yyout), py(m) + plout) (16)
where WU denotes the output layer weights; b©'") is the
output layer bias. The output layer projects the features back into a
low-dimensional space, and its can be modified to accommodate
different data structures.

As shown in Fig. 3, in this study, three different NN-assisted
upscaling pathways are designed to compare the effects of
different mapping relationships and training strategies, including:
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a data-driven permeability-to-transmissibility surrogate (K2T); a
data-driven permeability-to-pressure surrogate (K2Pdata); and a
physics-driven permeability-to-pressure surrogate (K2Pphy). For
the data-driven methods, samples are provided by the NSAU
method described in Section 2.1.

(1) Data-driven permeability-to-transmissibility surrogate

As shown in Fig. 3(b), in the K2T pathway, the NN is used to
replace the mapping K <+ p < T. The trained NN can be used to
map a batch of fine-scale permeability fields to coarse-scale
transmissibility fields Fig. 4 illustrates a 2D case; actual reservoir
models are typically constructed from 3D CPGs, in which case the
input permeability is expanded into a batch of 3D matrices. This
pathway covers intermediate steps, forming a complete end-to-
end NN prediction of the upscaling results. In addition, the new
well indices are also predicted by the NN, Eq. (13) is be modified as
— HM™ [T,W\I]

K, X,Y,Z) « H®Y < HD « H® « ... (17)

where T is the NN output transmissibility; WI is the NN output
well index. In practice, T and WI are expanded and then concat-
enated into a column as the NN output.

We construct the following loss function based on the mean
squared error (MSE) to perform data-driven training
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Fig. 3. Numerical simulation-assisted and neural network-assisted upscaling pathways.
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Fig. 4. Multidimensional multi-channel mapping from permeability to transmissibility.
Noace Nuen _ (12) are employed to compute T and WI, respectively. As illus-
L = (T —T)* + (WI, — WI))2  (18) 0 Fi ;
data,I(ZT*Nf I 1 " 1 I trated in Fig. 5, both the K < p mapping and the subsequent
ace 1 well 1

where Np,ce is the number of internal faces of the coarse model;
Nyey is the total number of well segments after upscaling.

To facilitate the convergence, the following normalization is
applied to scale all inputs and outputs to a range between 0 and 1.
Specifically, max-min normalization is used for transmissibility,
well index, and spatial coordinates, while the input permeability is
logarithmically normalized using

o Klog - Klog,min
normal — R—

(19)

log,max — Klog.min

where Kpoma is the scaled permeability, K,y is the common
logarithmic permeability; K|og max and Kjog min are the maximum
and minimum values of the common logarithmic permeability,
respectively. All maximum and minimum values used for scaling
are derived from the training set, and the NN outputs are subse-
quently denormalized using these values to obtain the actual
predicted results.

(2) Data-driven permeability-to-pressure surrogate

In the K2Pdata pathway (Fig. 3(c)), the FNO is used to replace
the pressure solution process K < p, after which Eq. (10) and Eq.

FNO

explicit calculation can be rapidly processed in parallel in a multi-
dimensional matrix format.
The loss function of K2Pdata is defined as

Ngrid ~
> (i—D)
i1

Ldata,l(ZPdata = N7d (20)
gri

where Ng;
the NN.

Spatial coordinates are normalized using max-min normaliza-
tion, permeability is normalized based on Eq. (19), and pressure is
normalized using

4 is the number of fine grids; p is the pressure output by

P — Pinit,min 21)

Prormal Pinit,max — pinit,min
where pporma i the scaled pressure; pipit max and Pipit min are the
maximum and minimum values of the preset pressures at the
boundaries and source/sink locations, which are typically deter-
mined by observations. The outputs of the NN are subsequently
denormalized based on these unified standards to obtain the
actual pressure.

(3) Physics-driven permeability-to-pressure surrogate

TR
E[E e
N it st
Explicit R A
calculation B # 4
iR
L

Fig. 5. Multidimensional multi-channel mapping from permeability to pressure and equivalent transmissibility calculation.
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Fig. 6. Schematic diagram of the K2Pphy framework: Physics-driven training and rapid upscaling workflows.

As shown in Fig. 3(c), in the K2Pphy pathway, the step replaced
by the NN is the same as in K2Pdata. The mapping result of the NN
is also identical to that in Fig. 5. The difference is that the training
of the FNO no longer uses data from the NSAU but instead directly
performs data-free, physics-informed training, as shown in Fig. 6.
In the PDE-based learning, the physics-constrained loss function
(Raissietal., 2019; Cai et al., 2021; Donnelly et al., 2024) is typically
defined as

L(0) = LreS(g) + Lic (9) + Lbc (9)

where 6 is the NN parameters; Lyes is the structural loss of the PDE
residual; Li. and L. are the initial condition loss and boundary
condition loss, respectively.

In this study, the NN is established to surrogate the pressure
solution in steady-state single-phase flow, thus L;. () does not exist.
Moreover, the zero-flux Neumann boundary condition is auto-
matically satisfied under FVM discretization by Eq. (6). Conse-
quently, the physical loss function used for NN training is defined as

> GTU (ﬁj - 131')) +4Vi

JeGi

The inputs and outputs of K2Pphy are normalized and denor-
malized in the same manner as those of K2Pdata.

In the training of K2T, K2Pdata, and K2Pphy, mini-batch
gradient descent (Khirirat et al.,, 2017) is employed. In each
gradient descent iteration, a sub-batch of samples is randomly
selected for mapping and loss computation, followed by one
backpropagation and parameter update. When all samples have
been processed through, one epoch is completed. During the
training process, the model cycles through multiple epochs until
the convergence criterion is satisfied. This stochastic process is
considered to enhance the generalization capability of the model.
Notably, as illustrated in Fig. 6, physical consistency is enforced
throughout the entire K2Pphy workflow, encompassing training,
inference, and upscaling. This holistic physics-informed regulari-
zation serves as a critical mechanism to further enhance the
model's robustness against unseen geological scenarios.

(22)

-l Ngrid

Nora (23)

Lres,l(2 Pphy =
i=1

5668

2.4. The model settings and evaluation methods

To validate the capability of the methodology, two CPG models
are provided. The first model is the synthetic model (Fig. 7(a)),
which covers an area of approximately 675 m x 675 m x 60 m. In
the horizontal direction, 46 x 46 pillars are established (corre-
sponding to 45 x 45 planar elements), and the model is subdivided
vertically into 6 layers, resulting in a total of 12,150 active cells. The
horizons are generated through interpolation, which influenced by
stratum undulations, results in variations in cell thickness and
surface dip angle with spatial position. The wells in the synthetic
model follow a five-spot well pattern, including injection wells
(sources) 1,12, ..., I7 and production wells (sinks) P1,P2 , ..., P18.
In re-gridding process, the fine grids are partitioned into a logical
15 x 15 x 3, followed by grid merging. The second model is the
standard SAIGUP model (Howell et al., 2008), as shown in Fig. 7(b).
It covers an area of approximately 2925 m x 9000 m x 593 m and
contains multiple faults. In the horizontal direction, 41 x 121 pil-
lars are constructed, and the vertical direction is subdivided into
20 layers, for a total of 78,720 active cells. The wells in the SAIGUP
model follow a line-drive pattern, including sources 11,12 , ..., 126
and sinks P1, P2 , ..., P22. The CPGs of the SAIGUP model is more
distorted, and the cell sizes vary more significantly. For structur-
ally complex practical reservoir models, vertical merging usually
requires specialized analysis and decision-making based on
geological and production data, including reasonable stratigraphic
division and development-layer merging according to geological
structure, sedimentary facies distribution, hydrocarbon occur-
rence, and vertical heterogeneity (Krishnamurthy et al., 2024; Yi
et al,, 2022; Fu et al.,, 2024). Therefore, for the SAIGUP model,
only planar grid coarsening is applied, with the logical space
partition set to 13 x 40 x 20. The above re-gridding is carried out
using the upscaling module in the MRST (Lie, 2019). This module
includes algorithms to identify and partition grids across faults to
approximate the original geological structure as closely as
possible, as well as automatic selection algorithms to merge fine
grids as uniformly as possible, thereby improving the convergence
of subsequent simulations. The boundaries of both CPG models are
set as closed boundaries with zero flux. The initial reservoir
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Fig. 7. Well configuration, fine-grid, and coarse-scale re-gridding of numerical models.

pressure is set to 30 MPa. All injection and production wells are
perforated across the entire formation and are controlled by BHP,
with injectors at 20 MPa and producers at 40 MPa. As shown in
Fig. 7, the well patterns are distributed across the entire block,
which drives global flow while also making more distinct local
flow features. The porosity of both models is uniformly set to 0.1,
and the fluid viscosity is set to 1 mP-s.

We sample random heterogeneous permeability fields that
follow a log-normal distribution using the Gaussian random field
(GRF) method. For Ng;iq sampling points in the spatial domain Dc

R3, the log-permeability field is defined as

Kiog (i) ~ ?7«9"(/4 C(xm,')) (24)
where K., denotes the common logarithmic permeability field of
the fine grid, y represents the spatial location, and .2 denotes a
Gaussian random process with mean u. The kernel function C is
defined as
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(25)

C(;(,-,;(j) =o? exp< _ <T;>2) 28,

where &2 is the variance; rij = ‘ Xi —;(j‘ represents the Euclidean
distance; ~ is the correlation length; 7% is the nugget; &; j is the
Kronecker delta. The semivariogram y is defined as

rr)=c(1-exp(~ (/7))

After setting the GRF model parameters, the common loga-
rithmic permeability field can be sampled from the distribution

(26)

Kiog ~.77(111,C) (27)
where C is the covariance matrix, C € RNeria*Neria, C; =C ()ﬁ,)(j: 1is
the all-ones vector. Each realization is sampled as

Kiog =1 + LE (28)
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where L is the lower triangular matrix obtained from the Cholesky
decomposition, C =LL"; €is a randomly generated vector with & ~
4700, I); T is the identity matrix. By repeatedly generating &,
permeability realizations K(U, ..., K(Neea) are obtained, where Ny,
is the number of samples. Finally, the permeability field for
simulation is obtained through K = 10Kz, All sampling procedures
in this study are performed using Geostatistical Tools (GSTools)
(Miiller et al., 2022).

As shown in Table 1, five cases are designed to compare various
upscaling pathways from different perspectives to illustrate the
applicability in reservoir model upscaling. Multiple numerical
models are employed, including Sy1, Sy2, Sy3, Sy4, and Sy5 based
on the synthetic CPG model, as well as SA1 based on SAIGUP. In
permeability sampling, the mean of K, is set to 0 and the nugget
is set to O for all cases. More detailed parameter settings and sta-
tistical results are provided in Table 2. The spatial distribution of
Kjog for some of the realizations are shown in Fig. 8.

Case 1 is designed on the basic Syl model to compare the
upscaling performance of NSAU, K2T, K2Pdata, and K2Pphy. 1000
samples are generated, with 500 randomly selected as the training
set and the remaining samples as the test set. At the same time, Case
1 also serves as the baseline for comparison with Case 2 and Case 3,
which are used to test the generalization capabilities in

Table 1
Parameter settings for all cases.
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heterogeneous unknown parameter spaces. Subcases Case 2.1 and
Case 2.2 use the pretrained NN to inference towards lower (Sy2)
and higher (Sy3) permeability variance, respectively (a larger
variance usually indicates greater heterogeneity (Rubin, 2003)).
Case 3.1 and Case 3.2 inference towards smaller-scale (Sy4) and
larger-scale (Sy5) features, respectively. Larger-scale features usu-
ally imply the presence of more continuous geological structures,
such as fluvial facies or deep-sea sediments, whereas smaller-scale
features correspond to environments with stronger local varia-
tions, such as alluvial fan deposits. It should be noted that Case 2
and Case 3 do notinvolve a training process (N/AinTable 2 indicates
no training set). Therefore, 500 samples are generated as the test
set. We load the K2T, K2Pdata, and K2Pphy models trained in Case 1,
which are set to evaluation mode and used to inference on the test
set, in order to assess their extrapolation generalization ability. In
other words, Case 1, Case 2, and Case 3 can be viewed as a unified
whole, comprising one training set (500 samples randomly
selected from Syl in Case 1) and five test sets. These test sets
include: the remaining 500 samples from Sy1 in Case 1 (to test
basic, in-distribution inference capability), and the 500 samples
from each of Sy2 and Sy3 in Case 2, as well as Sy4 and Sy5 in Case 3
(to test advanced, out-of-distribution inference capability). The
differences in parameter settings for generating all training and test

Grid Case Upscaling method Dataset

Post evaluation indicator

Numerical model Log permeability variance

Correlation range, m

Synthetic 1 NSAU, K2T, K2Pdata, K2Pphy Sy 1 03 75 Qiphase
2.1 NSAU, K2T, K2Pdata, K2Pphy Sy 2 0.03 75 Qiphase
22 Sy 3 3
3.1 NSAU, K2T, K2Pdata, K2Pphy Sy 4 0.3 30 Qiphase
3.2 Sy 5 120
4 NSAU, K2T, K2Pdata, K2Pphy Sy 1 0.3 75 Qinj, Qpro,
w
SAIGUP 5 NSAU, K2Pphy SA1 0.3 300 Qiphase, Qinj,
Qpro, fw

Table 2
Numerical model parameter settings.

Grid Numerical model Log permeability variance Correlation range, m  All fields (min~max), mD Field average (min~max), mD  Samples (train, test)
Synthetic Syl 0.3 75 0.0028~1281.68 0.77~10.95 500, 500
Sy2 0.03 75 0.15~ 9.61 0.83~1.37 N/A, 500
Sy3 3 75 8.68e—9~4.49¢+6 8.94~ 8.35e+6 NJ/A, 500
Sy4 0.3 30 0.0025~4.01 1.94~2.64 N/A, 500
Sy5 0.3 120 0.031~52.77 1.73~2.61 N/A, 500
SAIGUP SA1 0.3 300 0.0031~399.37 1.34~4.37 500, 500
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Fig. 8. Sampled common logarithmic permeability (K|og) realizations.
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set samples are shown in the “Log permeability variance” and
“Correlation range” columns of Table 2. Since the generation pro-
cess involves randomness, the “All Fields range” and “Field average”
of the generated results are also summarized in the table to visually
inspect the differences among samples.

In the comparison of Case 1, Case 2, and Case 3, the upscaling
performance is evaluated through unsteady single-phase slightly
compressible flow simulations. The detailed numerical model
settings are presented in Appendix A. We employ the cumulative
liquid production Q1ppase (a well-related dynamic metric) to record
the cumulative production history of all well segments, which is
also a key indicator for uncertainty assessment in practical reser-
voir simulations (Floris et al., 2001; Cao et al., 2016). Qiphase Can
naturally accommodate different grid resolutions, thereby
enabling intuitive quantitative comparison between upscaling
results and the fine-scale accurate solutions. A higher degree of
agreement in Qjppase indicates the better approximation of the
fine-scale flow characteristics, ensuring more reliable evaluation
based on the upscaled model. The calculation equation of Q1ppase is

-Y Y et

where ¢y, is the production rate of the n-th well segment under
reservoir conditions at time step z; t is time; At, is the step size of
the z-th time step; Nijmpe iS the number of time steps.

In Case 4, the upscaling performance is further evaluated
through two-phase slightly compressible flow simulations. We
aim to intuitively qualify the upscaling results with more well-
related metrics (Li et al.,, 2021; Tegnander and Gimse, 1998),
including the cumulative water injection Qjnj, the cumulative

Q] phase (Ntime (29)
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liquid production Qpro, and the water cut fi. The detailed model
settings of the two-phase flow are presented in Appendix B. The
calculation equation of Qjyj is

N| inj,well
Qll’lj (Ntime) Z o Z e Qinj,n;Atr

where gjp; 5, . is the injection rate of the n-th injection well segment
under reservoir conditions at z-th time step; Niyjwen iS the total

number of injection well segments. The calculation formula of Qpyo
is

Nlﬂ]e ro.wel
Qpro(Ntime) = Z | Z povel QpronAl;

where qpron. is the production rate of the n-th production well
segment under reservoir conditions at z-th time step; Npro wen 1S
the total number of production well segments. The calculation
formula of f, is

(30)

(31)

Npro.well
fw(t) = M (32)
pro,well
Apro,n,z
n=1

where qw n. is the water production rate of the n-th production
well segment under reservoir conditions at z-th time step.
Finally, in Case 5, we compare the accuracy of the NSAU and
K2Pphy on the authentic SA1 model, along with the computational
efficiency of their upscaling workflows, with the aim of evaluating
the adaptability to practical problems. It should be noted that in
Case 5, the data-driven K2T and K2Pdata are not further compared.

Table 3
Neural network parameter settings.
Grid NN Structure Training
Input layer Fourier layers Output layer Parameters Driving method Optimization strategy Resource usage
Synthetic K2T Input dim: Input dim: Input dim: 21,929,986 Data-driven Optimizer: Adam Memory: 1629 MiB
4 x 45 x 45 x 6 10 x 45 x45 x6 10 x45x45x 6 Learning rate: 0.001 Utilization: 50%-60%
Output dim: Output dim: Output dim: Mini-batch size: 4
10 x 45 x 45 x 6 10 x 45 x45x6 1x 1785 Shuffle: True
(Linear layer) Number of Fourier (Flatten & Linear layer) Epochs: 1000
layers: 3
Mode (x,y,z):
10,10,2
K2Pdata Input dim: Input dim: Input dim: 240,451 Data-driven Memory: 1209 MiB
4 x 45 x 45 x 6 10 x45x45x6 10x45x45x6 Utilization: 40%-50%
Output dim: Output dim: Output dim:
10 x 45 x 45 x 6 10 x45x45x6 1x45x45x%x6
(Linear layer) Number of Fourier (Linear layer)
layers: 3
Mode (x,y,z):
10,10,2
K2Pphy Input dim: Input dim: Input dim: 240,451 Physics-driven Memory: 1306 MiB
4 x 45 x 45 x 6 10 x45 x45x 6 10 x45 x 45 x 6 Utilization: 40%-50%
Output dim: Output dim: Output dim:
10 x 45 x 45 x 6 10x45x45x6 1x45x45x%x6
(Linear layer) Number of Fourier (Linear layer)
layers: 3
Mode (x,y,z):
10,10,2
SAIGUP  K2Pphy Input dim: Input dim: Input dim: 480,451 Physics-driven Memory: 3993 MiB
4 x40 x 120 x 20 4 x 40 x 120 x 20 4 x 40 x 120 x 20 Utilization: 70%-80%
Output dim: Output dim: Output dim:

10 x 40 x 120 x 20
(Linear layer)

4 x 40 x 120 x 20
Number of Fourier
layers: 3

Mode (x,y,z):
10,104

(Linear layer)

1 x 40 x 120 x 20
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Fig. 9. Comparison of training loss curves for different methods under the synthetic CPG model (up: train; down: test).
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Fig. 10. Comparison of transmissibility spatial distributions of a test sample under the synthetic CPG model. Ty, presents the logarithmic permeability.
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Fig. 11. Comparison of single-phase steady-state pressure field distributions under the synthetic CPG model.

The most obvious reason is their reliance on simulation data
prevents them from offering any efficiency advantage, while the
discussion on accuracy has already been sufficiently conducted in
Case 1 to Case 4.

In this study, all NN models are constructed based on the
PyTorch (version 1.12.1) framework (Ketkar and Moolayil, 2021).
As shown in Table 3, the dimensions of the input and output layers
of each NN are matched to the spatial dimensions of the numerical
model, and these two layers perform the operations of dimen-
sional upscaling and downscaling, respectively. The hidden layers
of each NN consist of a cascaded structure of three Fourier layers,
with each layer performing nonlinear mapping in high-
dimensional space to approximate complex analytical relation-
ships. For the synthetic model, the first 10 low-frequency modes
are retained in the x and y directions, and the first 2 low-frequency
modes are retained in the z direction; for the SAIGUP model, the
first 10 low-frequency modes are retained in the x and y directions,
and the first 4 low-frequency modes are retained in the z direction.
All NN models are initialized using Xavier method (Glorot and
Bengio, 2010) and trained with Adam (Kingma and Ba, 2014) for
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1000 epochs. No additional learning rate decay or early stopping
strategies are employed during training. Overfitting is structurally
mitigated by the FNO's low-rank spectral truncation, which acts as
implicit regularization against high-frequency noise. Furthermore,
the operator-learning formulation inherently favors smooth,
physically plausible solutions. Empirically, the consistent error
convergence observed on the strictly isolated test set confirms that
no overfitting occurred during the training process. In addition, to
ensure physical consistency, our method integrates a dual mech-
anism: The FVM-based loss strictly enforces discrete mass con-
servation at the control-volume level, while the FNO architecture
structurally aligns with the global nature of elliptic operators. This
combination ensures the model rigorously solves the governing
equations (with residuals < 1e—4) rather than merely fitting
empirical data. All cases adopt a single general hyperparameter
configuration manually tuned and presented in Table 3. We
explicitly present a sensitivity analysis of the synthetic model in
Appendix C to validate these settings (consistent trends were
also observed for the SAIGUP model). We also test several hyper-
parameter optimization methods (Kingma and Ba, 2014; Akiba
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Fig. 12. Comparison of single-phase unsteady-state pressure distributions under the synthetic CPG model.
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Fig. 13. Single-phase unsteady cumulative production curves and error distributions under the synthetic CPG model.
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Fig. 14. Single-phase unsteady pressure field distributions of inference toward lower permeability variance under the synthetic CPG model.

et al, 2019), which can provide some minor improvements, but do
not alter our main conclusions.

In the analysis of experimental results, for the quantitative
indicators that can be directly compared with the fine-scale model
(Qiphase; Qinj Qpro» fw), box plots or histograms of the test-set
relative error (relative to the simulated value at the final time
step) are plotted. Pressure fields and saturation fields are also
plotted to visually analysis the spatial distribution consistency. In
addition, the flow field error between the NN-based results and
the NSAU results is calculated with the following equation:

DnnN,Je — Dnsaur-

33
DnsauU max,« (33)

D error,l,zr =

where D is the flow field, which can be either the saturation field
or the pressure field; Dyy is the simulated result of the NN-assisted
model; Dysay is the simulated result of the NSAU model;
DNsAU, max. 1S the maximum value of the NSAU model at z-th time
step.
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3. Results and discussions

In this section, we first compare the basic performance of four
upscaling methods (NSAU, K2T, K2Pdata, and K2Pphy) on the
synthetic model with moderate heterogeneity and medium-scale
features. Then, we design two sets of heterogeneous extrapola-
tion experiments to test the generalization capabilities of different
NN-assisted methods, which represent a higher-level generaliza-
tion ability test. Next, we design comparisons of the simulation
accuracy of different upscaling results in the more complex two-
phase flow problems. Finally, we test the applicability of the new
method on more complex CPGs of the authentic SAIGUP model. It
should be noted that all loss curves presented in this section
belong to the training set, used to observe whether the loss con-
tinues to decrease during training and the magnitude of oscilla-
tions. To enable comparison on the same scale, the loss values of all
K2P models are converted into transmissibility loss. Specifically,
while the NN outputs pressure, a loss is simultaneously calculated
in real time based on Eq. (18), which is only used to monitor the
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Fig. 15. Single-phase unsteady pressure field distributions toward higher permeability variance under the synthetic CPG model.
Table 4
Upscaling error of inference under different permeability variances in the test set of the synthetic CPG model.
Metrics Cases NSAU K2T K2Pdata K2Pphy
Average pressure field errors (Derror) Toward lower variance N/A 0.0647 0.0493 0.0117
In-distribution inference N/A 0.0387 0.0191 0.0072
Toward higher variance N/A 0.2524 0.0864 0.0342
Mean value of final step relative error of Qiphase Toward lower variance 0.0028 0.0258 0.0098 0.0051
In-distribution inference 0.0059 0.0589 0.0113 0.0086
Toward higher variance 0.0235 0.1925 0.1053 0.0299

training status, whereas the backpropagation and parameter up-
dates of the K2Pdata and K2Pphy models are still based on Eq. (20)
and Eq. (23), respectively. All other figures and tables in this sec-
tion belong to the test set, including all physical fields (perme-
ability, transmissibility, pressure, and saturation; all time-
dependent fields plot their final time step results), production
curves (Q1phases Qinj» Qpro, and fy), error statistics plots (box plots
and histograms), as well as error statistics tables.
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3.1. Synthetic model training and in-distribution inference

As shown in Fig. 9, during the training of the NNs, the loss
exhibits a continuous decreasing trend. Both the K2T and K2Pphy
methods achieve a loss close to 1.0 x 10>, which is lower than that
of the K2Pdata method. This indicates that the numerical errors of
the former two methods relative to the NSAU method are smaller.
Throughout the training process, the K2Pphy method shows the
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Fig. 16. Single-phase unsteady cumulative production curves and error distributions under different permeability variances in the synthetic CPG model.

largest oscillation amplitude, which suggests a more complex loss
landscape, leading to greater convergence challenge. Ultimately,
K2Pphy converges to the lowest loss value, implying the extraction
of more complex patterns.

After training, predictions are performed on the test set. In
Fig. 10, the spatial distribution of common logarithmic trans-
missibility is visualized, where each line connects the centers of
two adjacent grids, and higher transmissibility corresponds to
thicker and redder lines. In Fig. 13, the spatial distribution of single-
phase steady-state pressure is presented, which also corresponds
to the potential/energy fields used to guide upscaling in NSAU,
K2Pdata, and K2Pphy. From Figs. 10 and 11, it can be observed that
the transmissibility and pressure distributions of K2Pdata and
K2Pphy are more consistent with those of NSAU and show better

agreement with the fine-grid transmissibility. In contrast, the K2T
result exhibits obvious spatial distribution inconsistencies. We
compute the mean value of Deror between the NN-assisted
methods and NSAU across the entire test set, with K2Pphy
achieving the smallest numerical error (mean relative errors with
respect to NSAU on the test set; K2T: 0.0311, K2Pdata: 0.0088,
K2Pphy: 0.0034). In Fig. 11, it can be observed that the K2T method
shows a clear and smooth aggregation of prediction errors in the
high-permeability channel between wells P6 and P13, indicating a
possible systematic deficiency in recognizing such features. By
contrast, the prediction error distributions of K2Pdata and K2Pphy
are more random, without obvious error clustering regions.

Fig. 12 presents pressure results of single-phase unsteady flow
simulations. It can be seen that NSAU, K2Pdata, and K2Pphy show
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Fig. 17. Single-phase unsteady pressure field distributions toward smaller feature scale under the synthetic CPG model.

good consistency with the fine-scale results and are superior to
K2T (K2T: 0.0387, K2Pdata: 0.0191, K2Pphy: 0.0072). However,
NSAU, K2Pdata, and K2Pphy still exhibit observable differences in
the low-permeability region between wells P5 and P8. The NSAU
method tends to characterize this region as significantly high
pressure (usually corresponding to relatively lower fluid mobility),
which may be the effect of strict constraints in numerical solving.
K2Pphy generalizes better than K2Pdata for such features, re-
flected in higher pressure value, but further improvement may still
require enriched sampling of such sparse features. As shown in
Fig. 13, the cumulative production curves of NSAU, K2Pdata, and
K2Pphy all demonstrate good consistency with the fine-scale re-
sults, whereas K2T shows a clear deviation. In the box plots, the
prediction errors of NSAU, K2Pdata, and K2Pphy across the entire
test set are below 0.03, while the accuracy of K2T is clearly
insufficient, with a maximum error approaching 0.15. K2Pphy
achieves the accuracy closest to NSAU.

Overall, in model training, K2T converges to a lower loss value
than K2Pdata, but its inference generalization on the test set is
significantly inferior to that of the K2P methods. This may be
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attributed to a fully end-to-end mapping corresponds to a more
complex mapping relationship, which also involves more NN pa-
rameters (Table 3). Although K2T converges well on the training
set, the amount of information and the diversity of features
included in the training set may be insufficient to support learning
of this more complex mapping. In addition, the significant errors in
Fig. 11 indirectly reflect that the K2T method also fails to
adequately capture the intermediate mapping relationship from K
to p. Among the NN-assisted methods, K2Pphy performs best,
particularly in quantitative analyses. This confirms that the PDE-
based constraints effectively enhance the extrapolative general-
ization of NNs to unknown spaces. The predicted pressure fields
with better physical consistency also lead to more physical
reasonable flow-based upscaling results.

3.2. Extrapolative inference across permeability-variance
heterogeneity

The NNs trained in Section 3.1 are set to evaluation mode and
are used to infer on the lower permeability-variance and higher
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Fig. 18. Single-phase unsteady pressure distributions toward larger scale under the synthetic CPG model.
Table 5
Upscaling errors of inference under different feature scales in the test set of the synthetic model.
Metrics Cases NSAU K2T K2Pdata K2Pphy
Average pressure field errors (Derror) Toward smaller feature N/A 0.1413 0.0613 0.0294
In-distribution inference N/A 0.0387 0.0191 0.0072
Toward larger feature N/A 0.1096 0.0461 0.0142
Mean value of final step relative error of Qiphase Toward smaller feature 0.0144 0.0776 0.0317 0.0241
In-distribution inference 0.0059 0.0589 0.0113 0.0086
Toward larger feature 0.0036 0.0312 0.0158 0.0089

permeability-variance cases, respectively. By comparing Figs. 14
and 15 with Fig. 12, it can be observed that the extrapolative
predicted pressure field exhibit more spatial inconsistencies with
the reference solution, with particularly significant discrepancies
in the results of the K2T model. In Fig. 14, when the permeability
variance is smaller, the pressure field distribution is more uniform.
The K2Pdata and K2Pphy models simulate a high-pressure zone
between P6 and P13 corresponding to the low-permeability
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region, with K2Pphy showing better consistency with reference. In
contrast, the high-pressure zone of K2T is concentrated only
around well P6, which differs from the reference solution. In
Fig. 15, when the permeability variance is larger, more scattered
high-pressure regions appear, corresponding to low-permeability
regions. This correspondence is captured in the results of the
K2Pdata and K2Pphy but not in the K2T. When the permeability
variance is larger, the NSAU method produces a more prominent
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Fig. 19. Single-phase production curves and error distributions under different scales in the synthetic model.

high-pressure zone between P5 and P8, which the NN-assisted
methods still fail to reproduce adequately. However, as shown in
Fig. 15(c), the error region of K2Pphy is relatively small, mainly
near P8, whereas the error regions of K2T and K2Pdata are larger.

In Table 4, it can be observed that the inference errors of the
NN-assisted methods on the test set increase when extrapolative
inference is performed. In particular, when inferring toward larger
permeability variances, the average pressure field error of the K2T
method reaches over 0.25, whereas the error of the K2Pphy
method remains within 0.05. By comparing Fig. 16(a) and (b), it can
be seen that when the permeability variance decreases, the cu-
mulative production curve of the K2T method shows improved
consistency with the reference solution. This is because a smaller
variance usually indicates that the numerical model is more
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homogeneous. Although different upscaling methods vary in their
ability to characterize fine-scale permeability distributions, the
heterogeneity differences among the upscaled models are
reduced, which in turn decreases the response differences of the
elastic-drive simulations. From the boxplot in Fig. 16(a), it can be
observed that K2T still exhibits relative larger errors compared
with K2Pdata and K2Pphy, indicating that the performance
improvement resulting from reduced heterogeneity is systematic
and arises from the simplification of the simulation problem.
When heterogeneity increases, as shown in Fig. 16(c), it can be
seen that both K2T and K2Pdata exhibit significant errors, with K2T
showing the largest deviation, whereas K2Pphy still maintains
relatively better consistency. Similarly, from the boxplot in
Fig. 16(c), it can be observed that this performance degradation
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Fig. 20. Two-phase flow pressure field distributions under the synthetic CPG model.

is systematic, while the K2Pphy method still achieves accuracy
closest to the NSAU method, with errors below 0.05. Table 4 that
K2Pphy consistently achieves the mean value of the final step
relative error of Qqphase closest to that of NSAU. Overall, the K2P
mapping strategy enables the NN-assisted upscaling to be more
generalized than K2T. The physics-driven training encourages
K2Pphy to extract more universal patterns, enhancing its adapt-
ability to the heterogeneity induced by permeability variance
varying, thereby achieving best NN-assisted upscaling
performance.

3.3. Extrapolative inference across feature-scale heterogeneity

By comparing with Fig. 12, it can be observed that when
reasoning toward smaller features (Fig. 17), the simulation results
of the K2T and K2Pdata models exhibit significant spatial distri-
bution differences from the reference solutions. The maximum
error of K2T exceeds 0.35, while that of K2Pdata exceeds 0.14. A
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reasonable explanation is that the reduction of the feature scale
introduces more complex local characteristics in the permeability
field, which makes the variation patterns of the pressure field
more complex and imposes higher requirements on the general-
ization of the upscaled models. K2T and K2Pdata fail to adequately
adapt to the heterogeneity induced by the reduction of the feature-
space scale, resulting in poor extrapolative performance. In
contrast, although the error of K2Pphyincreases, this method still
maintains relatively smaller errors and shows spatial distributions
more consistent with the reference (Fig. 17(b)). As shown in Fig. 18,
when reasoning toward larger features, the high-pressure region is
mainly concentrated in the area between P2 and P3, and this
characteristic is presented by all the upscaled models. This can be
explained that the increase of the feature scale makes more
continuous permeability distribution at a large scale, or in other
words, the local differences are less pronounced. Consequently,
when approximating the response of fine-scale simulations, the
demand for local equivalence accuracy is reduced, which
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Fig. 21. Two-phase flow saturation field distributions under the synthetic CPG model.

represents a systematic reduction in learning difficulty. Never-
theless, as shown in Fig. 18(c), the error of the K2P method remains
smaller, with the K2Pphy method achieving accuracy closest to the
NSAU.

In Table 5, the average pressure field errors of different
upscaling methods all increase during extrapolation, among which
the error of the K2T method expands to above 0.1, while the
average error of the K2Pphy method remains within 0.03. By
comparing Fig. 19(a) and (b), it can be seen that the reduction of
the feature scale leads to a greater deviation between K2T and the
reference solution, and the boxplot indicates that this is a sys-
tematic increase. Nevertheless, the cumulative production error of
the K2Pphy method still remains within 0.05. When the feature
scale increases, as shown in Fig. 19(c), the simulation accuracy of
different upscaling methods improves, and it is observed that the
cumulative production curves become more consistent with the
reference solution. This reflects the reduction in upscaling diffi-
culty brought by the larger feature scale, where the influence of
local equivalence accuracy differences is diminished. In other
words, the upscaled models reproduce similar pressure responses
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by capturing the relative permeability differences at the large
scale. Nevertheless, the boxplot quantitatively shows that the K2P
pathway achieves significantly higher accuracy than K2T, with the
average error of the K2Pphy method reduced to within 0.02. It can
also be quantitatively observed from Table 5 that K2Pphy consis-
tently achieves a mean value of the final step relative error of
Qiphase closest to that of NSAU, demonstrating the best upscaling
accuracy. Overall, among the NN-assisted methods, K2Pphy pro-
vides the best upscaling accuracy, whereas K2T performs poorly,
especially in cases with greater local heterogeneity. This indicates
that optimization of the upscaling pathway and incorporation of
physical constraints effectively enhance the extrapolation capa-
bility of NN-assisted methods with respect to feature-scale
heterogeneity.

3.4. Two-phase flow evaluation
By comparing Fig. 20(a) and (b), it can be seen that the

spatial distributions of the pressure fields from K2Pdata and
K2Pphy are close to the reference solution, whereas K2T
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Fig. 22. Two-phase unsteady cumulative injection, cumulative production, and water-cut curves and error distributions under the synthetic CPG model.

Table 6

Upscaling errors of two-phase flow simulation in the test set of the synthetic model.
Metrics NSAU K2T K2Pdata K2Pphy
Mean value of final step relative error of Qjp; 0.0286 0.2648 0.0736 0.0527
Mean value of final step relative error of Quro 0.0336 0.3098 0.0671 0.0437
Mean value of final step relative error of fiy 0.0228 0.0658 0.0329 0.0288

exhibits obvious differences. From Fig. 20(c), it can be seen that
K2Pphy has a lower maximum error. We calculated the average
relative errors of the three methods on the test set compared
with NSAU (K2T: 0.0587, K2Pdata: 0.0271, K2Pphy: 0.0112). The
average error of K2Pphy is around 1%, while that of K2T exceeds
5%. By comparing Fig. 21(a) and (b), it can be seen that K2T,
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K2Pdata, and K2Pphy all reproduce the spatial distribution of
the saturation field at the final simulation time step in corre-
spondence with the reference, but some differences between
K2T and the reference solution can still be observed. In
Fig. 21(c), the simulation errors of different NN-assisted
methods are clearer, the maximum error of K2T exceeds 0.45,
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Fig. 23. Training loss curve of K2Pphy in the SAIGUP CPG model (left: train; right: test).

whereas K2Pphy still has the lowest error (<5%). The average
relative errors of the three methods on the test set are K2T:
0.1807, K2Pdata: 0.0552, and K2Pphy: 0.0194. Both K2T and
K2Pdata exceed 5%, while K2Pphy still performs best.

In Fig. 22, it is evident that the K2T curves show significant
deviations from the reference. In particular, the boxplot in-
dicates that its test set error for cumulative injection and cu-
mulative production reach above 0.6 and 0.7, respectively, and
the error for water cut exceeds 0.1. The flow rate errors of
K2Pdata, K2Pphy, and NSAU also increase; however, their curves
remain more consistent with the fine-scale simulation. A
reasonable explanation is that the current models only perform
single-phase upscaling and insufficiently characterize the rela-
tive mobility of two phases, leading to deviations in the simu-
lated fluxes. NSAU, K2Pdata, and K2Pphy provide more accurate
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characterization of the overall flow capacity, which results in
less degradation of accuracy. In the simulation of water cut, the
simulated curves of NSAU, K2Pdata, and K2Pphy also show
noticeable shifts relative to the high-resolution solution due to
insufficient characterization of the phase front, particularly
during the first five years. Nevertheless, the final water cut of
NSAU, K2Pdata, and K2Pphy remains closer to the exact solution,
with the K2Pphy method achieving accuracy most comparable
to NSAU and maintaining a deviation within 0.05 relative to the
fine-scale solution. It can also be observed from Table 6 that
K2Pphy achieves higher accuracy than K2T and K2Pdata, and is
closest to NSAU. Overall, the two-phase flow simulations further
demonstrate the advantage of the K2P pathway over K2T and
highlight the mitigation of error amplification brought by the
embedding of physical constraints in K2Pphy.
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Fig. 24. Comparison of transmissibility spatial distributions of a test sample under the SAIGUP CPG model.
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Fig. 25. Comparison of single-phase steady-state pressure of a test sample under the SAIGUP CPG model.
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Fig. 26. Single-phase unsteady pressure of a test sample under the SAIGUP CPG model.
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Fig. 27. Two-phase pressure distributions of a test sample under the SAIGUP CPG model.

3.5. Application on the SAIGUP model

After Section 3.1 to Section 3.4, the K2Pphy method, which
performs best, is selected to upscale the authentic SAIGUP model,

0 AN N A3 .3 \ L} \
9000 8000 7000 6000 5000 4000 300C 2000 000 O 0

and it is compared with the fine-scale model and the NSAU method
to verify its applicability to more complex CPG models. As shown in
Fig. 23, the loss curve exhibits relatively strong oscillations during
training, but the overall trend continues to decrease and eventually
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Fig. 28. Two-phase saturation distributions of a test sample under the SAIGUP CPG model.
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drops below 1.0 x 10~% After training, Fig. 24 shows that the
upscaling results of both NSAU and K2Pphy correspond well to the
fine-scale model, particularly in regions with higher trans-
missibility (red regions), which match the high-permeability zones

O Fine grid
e NSAU
— = K2Pphy

5 10

Time, a

20

Count

35

30

25

ATl [Insau
M [C__Ikepphy

0.02

(d) Two-phase water-cut curves and error statistics

T
0.03 0.04

Relative error

Fig. 29. Comparison of production curves and error distributions of the SAIGUP model.
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of the fine-scale model. It is noteworthy that in the upscaling results
of NSAU, there are some regions with extremely low conductivity
(dark blue), which are not captured in the K2Pphy results. The
transmissibility distribution obtained by K2Pphy is overall
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Table 7

Upscaling errors in the test set of the SAIGUP CPG model.
Metrics NSAU K2Pphy
Mean value of final step relative error of Qqphase 0.006 0.0086
Mean value of final step relative error of Qi 0.0303 0.051
Mean value of final step relative error of Qpro 0.0433 0.0561
Mean value of final step relative error of f, 0.024 0.0301

459 ———. NsSAU

K2Pphy

4.0 1
3.5
3.0

2.5 A

<+ Offline training
Cost (~2.0 h)

20 @

N
-
-7 \ Break-even point

1.5 = 1270 realizations

-

Total wall-clock time, h

1.0 1

0.5

0

T T T T
0 500 1000 1500 2000 2500

Number of realizations

Fig. 30. Computational cost comparison between NSAU and K2Pphy under the
SAIGUP CPG model.

smoother. Such discontinuous sharp fronts are computed based on
the accurate fine-scale pressure numerical solution under strict
flow-equivalence constraints, and they are related to complex inter-
block connections and local permeability contrasts.

As shown in Figs. 25-28, the predicted flow fields of K2Pphy are
very similar to the spatial distribution of the reference solution,
and the average relative error between K2Pphy and NSAU is within
0.03 (single-phase steady-state pressure: 0.0049; single-phase
unsteady pressure: 0.0117; two-phase pressure: 0.0151; two-
phase saturation: 0.0286). However, the error maps still reveal
some differences: in Fig. 25(b), the error distribution between
K2Pphy and NSAU is random and uniform, but relatively higher
errors appear between the line-drive wells 17, I8 and P7, P8; in
Fig. 26(b), two prominent error regions are observed, one of
which is similar to the high-error region in the single-phase
steady-state error, while another significant error region is
located above the wells P15 to P18, which also appears as an error
cluster in the two-phase pressure error of Fig. 27(b); in Fig. 28, the
spatial distribution of the saturation predicted by K2Pphy and
NSAU is generally consistent, but Fig. 28(b) shows a few local re-
gions with larger error values. The upscaling results of K2Pphy do
not fully capture all sparse features. This is related to the NN
parameter space modeling and nonlinear learning characteristics,
which are more suited to approximating functions or functional
mappings in a continuous and smooth manner, thereby naturally
filtering out some sparse features. If one aims to capture these
sparse features, increasing the number of related samples is usu-
ally an effective option, although this implies higher computa-
tional cost. Therefore, a trade-off between speed and accuracy
generally needs to be made depending on specific problems and
experimental observations. As shown in Fig. 29(a), the single-
phase unsteady cumulative production curves of K2Pphy and
NSAU match reference solutions well, and the statistical distribu-
tion of final cumulative production errors on the test set is close,
less than 0.03. In Fig. 29(b) and (c), K2Pphy achieves production
simulation accuracy comparable to NSAU, but both methods show
observable decline in accuracy compared with the fine-scale
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model. In Fig. 29(d), the water-cut curves of K2Pphy and NSAU
both exhibit deviations between the 5th and 15th years, but
gradually converge to the reference solution at the final time step,
with the test-set final water cut error less than 0.05. These two-
phase simulation errors are mainly caused by insufficient charac-
terization of two-phase relative mobility, which needs to be
further considered in future works by involving two-phase pa-
rameters upscaling. It can be observed from Table 7 that the
upscaling error of K2Pphy is higher than that of NSAU, but both
consistently remain within the same order of magnitude. Overall,
K2Pphy achieves upscaling accuracy comparable to that of NSAU.

To quantitatively assess the computational efficiency, we con-
ducted a wall-clock time comparison between the conventional
NSAU and the proposed K2Pphy method. As illustrated in Fig. 30,
the total computational cost is plotted against the number of re-
alizations. Although K2Pphy incurs an initial offline training cost of
approximately 2.0 h (intercept of the red curve), its marginal cost
for online inference is negligible (~0.03 s per realization)
compared to the linear cost accumulation of NSAU (~5.7 s per
realization). The break-even point occurs at approximately 1270
realizations. Beyond this point, the methodology exhibits a sig-
nificant advantage. For instance, in a workflow requiring 1900
realizations, K2Pphy saves over 1 h of computational time
compared to NSAU. This efficiency gain becomes increasingly
pronounced in large-scale ensemble-based tasks, K2Pphy will
enable more realizations to be performed under limited compu-
tational resources.

4. Conclusions

This study proposes a physics-driven neural network (NN)-
assisted global flow-based upscaling method for the rapid upscaling
of reservoir models on corner-point grids (CPGs). A finite-volume
physics-informed Fourier neural operator is employed to establish
a permeability-to-pressure mapping (K2P) for CPG models. The
training process does not require labeled data, thereby avoiding
expensive numerical simulation costs, and it maintains flux conti-
nuity across different grid blocks during inference. By coupling the
trained NN with a numerical program for explicit flow-equivalence
calculations, the transmissibility and well indices on the coarse grid
strictly follow the flow-equivalence relationships with fine-scale,
which enables natural applicability to the CPG models. The pro-
posed physics-driven upscaling pathway incorporates physical
constraints in both the pressure solution and equivalent calculation
stages to enhance inference accuracy. The simulation in the
upscaling workflow is transformed into a fast NN forward inference
to improve computational efficiency.

In the case study, several NN-assisted methods, including data-
driven  permeability-to-transmissibility =~ (K2T), data-driven
permeability-to-pressure (K2Pdata), and physics-driven perme-
ability-to-pressure (K2Pphy), are compared with the numerical
simulation-assisted method (NSAU) and the fine-scale solution.
Several key findings confirm the superiority and robustness of
K2Pphy. (1) Physical consistency and upscaling accuracy: In the
synthetic model, K2Pphy achieves pressure prediction accuracy
closest to NSAU, as well as the closest coarse-scale simulation
accuracy. This indicates that incorporating physical consistency in
the two stages effectively enhances the generalization capability
to unknown parameter spaces. (2) Extrapolation generalization
capability: When extrapolated to heterogeneous parameter spaces
with different permeability variances (0.1 x and 10x) and different
feature scales (smaller and larger), the trained K2Pphy achieves
significantly better accuracy than K2T and K2Pdata, particularly in
scenarios with more complex model responses caused by larger
permeability variance and smaller feature scale. This
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demonstrates that physical constraints guide the NN to extract
more universal patterns, resulting in stronger extrapolation
capability. (3) Two-phase simulation adaptability: K2Pphy ach-
ieves accuracy comparable to NSAU in two-phase flow simula-
tions, which demonstrates that it possesses sufficient upscaling
accuracy to mitigate error propagation. (4) Complex CPG model
adaptability and computational efficiency. In the application to the
SAIGUP model, K2Pphy achieves coarse-scale accuracy comparable
to NSAU while exhibiting significantly higher computational effi-
ciency. In particular, when more realizations are required, the
computational time of numerical simulation continues to increase
sharply, whereas K2Pphy maintains comparable accuracy with
only about 0.1% of the additional computational cost of the former.

By combining a discretized physics-constrained training
approach with global flow-based upscaling theory, this study de-
velops a novel NN-assisted rapid upscaling method applicable to
complex CPG models. It is particularly suitable for periodic closed-
loop workflows and ensemble-based scenarios that require
repeated execution, enabling broader exploration of uncertain
variable spaces under limited computational resources. This is the
first implementation of NN-assisted global flow-based upscaling
for reservoir models based on CPGs. In particular, it is also the first
realization of employing NNs as physics-driven surrogates for such
complex CPG models. Future work will extend this research.
Regarding physical complexity, we aim to incorporate multipoint
flux approximation and two-phase flow mechanisms into the
framework to enhance its fidelity in handling complex tensor
anisotropy and fluid dynamics. In terms of computational effi-
ciency, we plan to investigate the zero-shot super-resolution
capability of the neural operator, leveraging training on coarse
grids to generalize to fine-scale models, thereby further reducing
training costs. To address fully unstructured grids (e.g., tetrahedral
grids) where logical tensor structures are absent, we will explore
geometry-agnostic architectures, such as DeepONet or Graph
Neural Operators, thereby achieving broader applicability beyond
corner-point grids.
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Appendix A

This appendix introduces the unsteady single-phase flow
problem, including the governing equations, numerical model, and
parameter settings. This simulation is used to qualify the upscaling
results of Cases 1, 2, 3, and 5. The governing equation for slightly
compressible single-phase flow is

a

= (@) +V - (Vi) =pg (A1)
where ¢ denotes porosity. The velocity v of the unsteady single-
phase fluid is defined as

Vi= — %K(VP —pgVD) (A.2)

where g is gravitational acceleration, and D is the depth relative to the
reference surface. The compressibility of fluid and rock is defined as

p=po exp [C(P—Po)| (A3)

&= o exp [C:(P - Po)] (A4)
where is the reference density, set to 1000 kg/m?; C; is the fluid
compressibility coefficient, set to 4.5 x 1072 Pa~!; ¢ is the refer-
ence porosity, set to 0.1; C; is the rock compressibility coefficient,
set to 1.0 x 10~ Pa~'; P is the reference pressure, set to 30 MPa.
The source/sink term is still evaluated using Eq. (8).

After FVM discretization, the above model can be solved
numerically, and all computations are performed using an in-house
simulator (Yan et al., 2016). All grid, permeability, and fluid viscosity
settings are consistent with those in Section 2.4. The reservoir
pressure is set to 30 MPa, and all injection wells are converted to
production wells, with the BHP uniformly set to 20 MPa. This
driving mechanism, based on the compression and release of energy
from the rock skeleton and pore fluid, is commonly referred to as
elastic drive. The synthetic model is simulated for 200 days, and the
SAIGUP model is simulated for 400 days.

Appendix B

This appendix introduces the governing equations, numeri-
cal model, and parameter settings for slightly compressible
two-phase flow, which are used to qualify the upscaling results
of Case 4 and Case 5. In two-phase flow, strictly speaking,
relative permeability upscaling is also required; nevertheless,
in this study, no relative permeability partitioning is per-
formed. In addition, geometric effects may cause differences in
relative permeability among different regions, but numerical
tests show that the accuracy errors of the models used in this
study before and after relative permeability upscaling are small
and do not affect the main experimental conclusions. The
governing equation for slightly compressible two-phase flow is
given as
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d

5t (82558) +V - (pVp) = s (B.1)
where g denotes the phase, which can be the wetting phase w or
the non-wetting phase n (e.g., water phase and oil phase). The
velocity vy is defined as

i
V= — ;—Z’K(vpﬁ ~ psgVD) (B.2)

where k; is the relative permeability, and D is the depth relative to
the reference surface. Porosity compressibility is considered
through Eq. (A.3), and phase compressibility is considered through

pp="rpo €xp [Cs(P— Po)] (B.3)
where pgzy is the reference density of phase g; C; is the
compressibility coefficient of phase B. Additional equations are
defined as

Sw+Sn=1 (B.4)

Pe=Pp — Py (B.5)
where P. is the capillary pressure, which is neglected in this study,
i.e., P = Py. The source/sink term is defined as

2nKh
qﬂ*/@im( —ow) (B.6)
where J; is the mobility of phase g, defined as 45 = kr/ up.

The model can be solved numerically, and all computations are
performed using (Yan et al., 2016). The grid, well configuration,
permeability, and other parameter settings of the two-phase nu-
merical model are consistent with those in Section 2.4. Porosity is
set to 0.1, and rock compressibility is set to 1.0 x 10! Pa~!, The
relative permeability curves are shown in Fig. B.1, and the detailed
fluid properties are listed in Table B.1. The reservoir pressure is set
to 30 MPa, the BHP of production wells is set to 20 MPa, and the
BHP of injection wells is set to 40 MPa. The synthetic model is
simulated for 10 year, and the SAIGUP model is simulated for 20
years.
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Fig. B.1. Relative permeability curves for the two-phase flow problem.
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Table B.1

Two-phase fluid parameter settings.
Parameter Value Parameter Value
Wetting phase density, 1000 Wetting phase 1.0 x 10710

kg/m3 compressibility, 1/Pa

Non-wetting phase 700 Non-wetting phase 45 %x107°
density, kg/m> compressibility, 1/Pa

Wetting phase 1 Irreducible wetting 0.2
viscosity, mPa-s phase saturation

Non-wetting phase 5 Residual non-wetting 0.2

viscosity, mPa-s phase saturation

Appendix C

This appendix presents the sensitivity analysis results for the
synthetic model concerning key factors, as summarized in
Table C.1 and Fig. C.1. First, regarding permeability variance,
the results indicate that while the inference error exhibits a
slight upward trend as the variance increases, the sensitivity of
all methods (K2T, K2Pdata, and K2Pphy) to this factor remains
low. This marginal increase in error is primarily attributed to
the inherent escalation in system complexity resulting from
stronger heterogeneity, rather than deficiencies in the network
configuration. Second, the sensitivity test for network depth
reveals that the error continuously decreases as the number of
hidden layers increases from 1 to 3; however, a slight rebound
in error is observed when the depth reaches 4 layers, suggesting
that a 3-layer structure represents the optimal configuration.
Finally, the analysis of the number of training samples dem-
onstrates that the error decreases monotonically with
increasing sample size. Notably, beyond 500 samples, the per-
formance gains yield diminishing returns while computational
resource consumption inevitably rises. Therefore, a dataset of
500 samples is identified as the near-optimal size that balances
accuracy with efficiency.

Table C.1
Sensitivity analysis results on key factors.

Sensitivity factors Value Mean value of flow field Deror
K2T K2Pdata K2Pphy
Permeability variance 0.1 0.03079 0.00875 0.00338
0.2 0.03098 0.00880 0.00340
0.3 0.03112 0.00884 0.00341
04 0.03125 0.00887 0.00342
Number of hidden layers 1 0.03385 0.00950 0.00365
2 0.03190 0.00903 0.00347
3 0.03112 0.00884 0.00341
4 0.03189 0.00898 0.00345
Number of training samples 100 0.03771 0.01057 0.00406
300 0.03343 0.00942 0.00362
500 0.03112 0.00884 0.00341
700 0.03055 0.00871 0.00337
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