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ABSTRACT

With the rising water cut in mature oil fields, polymer flooding has emerged as a critical Enhanced Oil
Recovery (EOR) technique. However, high-fidelity numerical simulations for history matching and
polymer flooding optimization remain computationally intensive, limiting their practicality for Closed-
Loop Reservoir Management (CLRM), which is inherently dependent on rapid iterative simulations for
real-time model updating and operational decision-making. Although physics-based data-driven flow-
network models, such as General-Purpose Simulator-powered Network model (GPSNet), can accelerate
simulations, their lack of geological constraints compromises predictive reliability. To address this
limitation, we propose a novel facies-constrained flow-network model (GPSNet-FC) within the GPSNet
framework. This model simplifies reservoir geometry into a 1D discretized grid between wells while
incorporating sedimentary facies boundaries identified through edge detection and level-set methods.
Grid properties are assigned and calibrated based on facies-specific attributes to ensure geological
consistency. GPSNet-FC is applied to history matching using the Ensemble Smoother with Multiple Data
Assimilation (ESMDA) and to polymer flooding optimization via the Differential Evolution (DE) algo-
rithm. Numerical case studies validate the method, demonstrating that GPSNet-FC outperforms the
original GPSNet in both reliability and accuracy. By integrating facies-based geological constraints, this
approach reduces non-uniqueness in history matching and enables rapid and accurate decision-making
for polymer flooding strategies. This work advances the integration of geological data into physics-based
data-driven models, offering a robust and efficient tool for the CLRM of polymer flooding reservoirs.
© 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

fingering. Therefore, it can effectively improve the displacement
efficiency and oil recovery of heterogeneous reservoirs, especially

Polymer flooding is a key technology for enhanced oil recovery,
which is mainly used in high water-cut reservoirs at the later stage
of water flooding development (Dong et al., 2024; Fang et al., 2024;
Salem et al., 2024a, 2024b; Yan et al., 2024a). This technology in-
creases the viscosity of displacement fluid by injecting high mo-
lecular weight polymers, and then enhances sweep efficiency by
reducing oil-water mobility ratio and suppressing viscous
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for those with significant heterogeneity and high water-cut (usu-
ally more than 90%) (Xu et al., 2018). To reduce development risk
and maximize the benefits of polymer flooding, the CLRM (Hou
et al., 2015; Jansen et al, 2009; Nasir and Durlofsky, 2024)
including forward modeling, history matching and production
optimization is recommended. The traditional CLRM is highly
dependent on the full-order numerical simulation with high-
fidelity geological model. Despite their ability to accurately
reflect complex geological structures and predict displacement
dynamics, they also have the following challenges (Ren et al.,
2023a): (1) Building a high-fidelity geological model requires a
large amount of geological data and multidisciplinary
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collaboration, and the modeling cycle could take weeks to months.
(2) A single full-order numerical simulation typically takes hours,
and history matching and production optimization may require
thousands of numerical simulations, thus it is computationally
expensive (Wang et al., 2024; Zhou et al., 2024). These challenges
make the CLRM based on full-order numerical simulations
impractical in many application scenarios, especially those
requiring rapid or large-scale evaluation. Therefore, how to
develop the simplified models that reflect the characteristics of
reservoir production and can be used to replace full-order nu-
merical simulations to alleviate above challenges is a key point to
realize the CLRM of polymer flooding reservoirs.

Recently, a range of surrogate models that can capture the main
production characteristics and trends have been developed to be
the alternative to the full-order numerical simulation, and they
can be broadly classified into three types (Yan et al., 2024c): data-
driven, physics-based, and hybrid methods. Data-driven ap-
proaches, such as spearman rank analysis method (Griffiths, 1998;
Zhang and Wang, 2023), decline curve analysis (Arps, 1945; Tadjer
et al., 2022; Tostado et al., 2016; Valko, 2009), and machine
learning models (Bai et al., 2024; Lin et al., 2025; Pan et al., 2021;
Wang et al., 2019; Yan et al., 2024b, 2025), have the advantages of
high modeling efficiency and wide applicability. Although the
feasibility of these methods has been well demonstrated, they still
face some challenges in practical applications, such as relying
heavily on the quantity and quality of data, which is usually
expensive or time-consuming to acquire. When the quantity or
quality of data does not meet the requirements, the prediction
accuracy of data-driven surrogate models may be significantly
reduced. Different from data-driven approaches, physics-based
approaches aim to improve computational efficiency by reducing
the complexity of full-order numerical simulation models, such as
reducing the number of computational grids and simplifying the
governing equations. Representative physics-based approaches
include but are not limited to upscaling approaches (Durlofsky,
2005; King et al, 1998; Wen and Goémez-Hernandez, 1996;
Zhang et al., 2021), multi-scale approaches (Cai et al., 2024;
Tchelepi et al., 2007), streamline-based models (Datta-Gupta and
King, 2007; Rao et al., 2024), fast-matching approaches (Li and
King, 2020; Li et al., 2021), and reduced-order models (He, 2013;
Kadeethum et al., 2022; Zalavadia et al., 2019). Although these
physics-based approaches do not rely on the quantity and quality
of data, they are based on the full-order numerical simulation with
high-fidelity geological model. In hybrid methods, some geological
information and flow mechanisms are used to build physics-based
simplified models, and these simplified models after rapid cali-
bration using observed/simulated data can maintain credible
predictions compared to full-order numerical simulation. There-
fore, hybrid methods are also known as physics-based data-driven
and possess the strengths of the first two types. One representative
hybrid method is the Capacitance-Resistive Model (CRM) (Yousef
et al., 2006), which can offer more reliable predictions of reser-
voir dynamics as it is based on the material balance equation. The
CRM has been successful in quite a few field applications (Cao
et al., 2014; Naudomsup and Lake, 2019; Parekh and Kabir, 2013;
Yewgat et al., 2022). However, it has some limitations due to its
over-simplifications, such as, the allocation factors and produc-
tivity indices of production wells are assumed to be constant the
production phase, however they both usually change significantly
as the production operation changes in reality. Besides, the bottom
hole pressure controls are not allowed in CRM during the pro-
duction prediction and optimization process (Guo et al., 2018). To
alleviate these limitations, the Inter-Well Numerical Simulation
Model (INSIM) (Zhao et al., 2016) and its variants (Du et al., 2025;
Grave et al., 2024; Guo and Reynolds, 2019; Guo et al., 2017, 2018;
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Li et al.,, 2023; Li and Onur, 2023; Zhao et al., 2020, 2021) were
proposed, and they have achieved satisfactory performance in
conventional water flooding reservoirs. However, these INSIM
family models cannot be applied for the numerical simulations
with strong nonlinear characteristics, such as chemical flooding
and steam flooding, as they are based on semi-analytical ap-
proaches (Rao et al., 2021; Ren et al., 2023a). In response to this
challenge, some hybrid models based on numerical methods were
proposed, for instance, Flow-Network Model (Lerlertpakdee et al.,
2014), FlowNet framework (Kierr et al., 2020; Leeuwenburgh
et al., 2024), StellNet model (Lutidze, 2018), and GPSNet (Guan
et al., 2024b; Ren et al.,, 2019; Ren et al.,, 2023a; Wang et al,,
2022; Wang et al., 2021). Among these models, GPSNet uses
commercial simulators to carry out numerical simulations of
Flow-Network model, thus it has great potential in dealing with
practical complex problems, such as large-scale model (Ren et al.,
2023b) and steam flooding model (Wang et al., 2022). However,
current GPSNet still has some limitations. Firstly, GPSNet does not
consider the sedimentary facies constraints in history matching.
When sedimentary facies constraints are not considered, even if
the fitting accuracy is high, the calibrated model may still not
match the actual geological features due to the inherent non-
uniqueness of history matching, and then its prediction. More-
over, although the GPSNet framework has shown satisfactory
performance in conventional waterflooding applications, its
applicability to polymer flooding remains uncertain. Unlike
waterflooding, polymer flooding modifies the viscosity of the
injected phase, resulting in a significantly altered mobility ratio
and enhanced sweep efficiency (He et al., 2024). Furthermore,
polymer injection involves additional physicochemical processes
such as polymer adsorption, retention, and shear degradation,
which introduce stronger nonlinearities into the flow dynamics
(Wang et al., 2025). These mechanisms are not explicitly accoun-
ted for in the original GPSNet formulation, raising doubts
about whether its simplified representation of interwell connec-
tions can accurately capture the complex behavior of polymer
flooding.

In this study, we adopt GPSNet framework to establish a facies-
constrained flow-network model (GPSNet-FC) for fast history
matching and production optimization of polymer flooding res-
ervoirs. Specifically, we use the edge detection method, which is
based on level-set function (Osher and Fedkiw, 2001), to identify
the boundaries between different facies in a sedimentary facies
map, and then initialize the GPSNet-FC model according to the
identified facies distribution and the attributes of each facies to
ensure that the initial model aligns well with the actual geological
understanding. After that, the history matching based on the
ESMDA (Emerick and Reynolds, 2013) algorithm is carried out to
calibrate the flow-network model, meanwhile the sedimentary
facies constraints are added to ensure that the calibrated model
matches production data while respecting geological features.
Finally, based on the calibrated model and considering the main
mechanism of polymer flooding, we set up the optimization
method of polymer flooding by using the DE algorithm (Das and
Suganthan, 2010; Shen et al., 2024) with Net Present Value
(NPV) as the optimization objective.

The remaining content of this paper is as follows: Firstly, a
brief overview of the GPSNet framework and the details of
GPSNet-FC model for fast history matching and production opti-
mization of polymer flooding reservoirs are introduced in the
Methodology section. Then, the superiority and applicability of
the proposed method is demonstrated through some case studies
in the Results and Discussions sections. Finally, the main contents
of this study and the further work are summarized in the Con-
clusions section.
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2. Methodology
2.1. Overview of GPSNet framework

This section provides a concise review of the GPSNet frame-
work modeling process; for more comprehensive details, readers
are encouraged to consult previous studies (Ren et al., 2019; Ren
et al.,, 2023b; Wang et al., 2022; Wang et al., 2021).

The construction of the GPSNet framework involves four main
steps, as shown in Fig. 1. Initially, the perforation and completion
intervals are determined. Then, a flow network is constructed
based on well locations and completion information. Subse-
quently, this network is geometrically mapped onto a 2D Cartesian
coordinate system through coordinate transformation, enabling
seamless coupling with commercial numerical simulators (we use
Eclipse in this study). Finally, the model is parameterized for
characterization, where key reservoir properties are assigned.

2.1.1. Determine perforation and completion intervals

We can define the discrete perforation intervals based on the
well-completion information. Fig. 2 illustrates the process of
dividing the wellbore into four perforation intervals. The
completion sections (denoted by red pipes) are initially concate-
nated and then evenly divided into several segments, with a well-
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point placed at the center of each segment (marked by yellow
dots). Subsequently, the well point positions are mapped back to
the original well trajectory. In this study, vertical barriers, stacked
reservoir zones, and vertically separated perforations were not
considered. Therefore, according to the findings of (Guan et al,
2024a), placing a single well point along each vertical well tra-
jectory is sufficient. Fig. 2 illustrates an example with four well
points mainly for demonstration purposes—to show that multi-
node configurations can also be accommodated within the
GPSNet framework and to remain consistent with the original
schematic in Wang et al. (2021).

2.1.2. Building connection diagram

In this study, the reservoir models feature relatively complete
well patterns with moderate well spacing and no major structural
complexities such as faults or fractures. Therefore, the constructed
flow networks only employ connections between existing well
points, which are sufficient to represent the primary flow path-
ways. In more complex geological settings, such as reservoirs with
extensive fracture networks or irregular boundary conditions, it
may become necessary to introduce additional nodes. These can
include boundary nodes or virtual well points (with zero injection/
production rates) to better capture lateral flow and improve the
physical representativeness of the flow system (Kizrr et al., 2020).

(a) (b)

(c) (d)

Fig. 1. Steps for Constructing the GPSNet framework. (a) Determine the perforation and completion interval. (b) Building connection diagram. (c) Mapped to 1D discrete con-
nections. (d) Parameterization, where kr, and k represent the relative permeabilities for oil and water, respectively.

N\ AR
FAVAYATA'

(\ 7\ R
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Fig. 2. Discretization of discontinuous completions along a wellbore with four well points. Black curves show the well-trajectories, red cylinders show effective completions, and

yellow dots indicate the well points (Wang et al., 2021).
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Max length

Small angles

(a) Max length between wells (b) Min angle of connections (c) Max number of connections

Fig. 3. Criteria for flow network generation of GPSNet. (a) Max length between wells. (b) Min angle of connections. (¢) Max number of connections (Wang et al., 2021).
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(a) Flow network (b) Mapping to 1D discretized connections

Fig. 4. Mapping flow network to a series of 1D discretized connections. (a) Flow network. Red dots represent wells, and lines show the connections between wells. (b) Mapping to 1D
discretized connections. Red grids are well grid cells, white grids are inactive grid cells, and other grids are flow grid cells. Grids separated by gray solid lines allow flow, while those
separated by black solid lines do not, which means that the grid between the different connections does not allow flow. Dashed lines indicate non-adjacent connections (Ren et al., 2023).

(a) Original facies map (b) No filter

=
=
-

(€)o=15 fle=2.0 (9)o=25 (h)s=3.0

Fig. 5. Sensitivity analysis of the Gaussian filter parameter ¢ on facies boundary detection. (a) Original facies map. (b) No Gaussian filtering, showing fragmented edges caused by

local noise. (c)-(h) Edge detection results obtained with different Gaussian filter parameters (¢ = 0.5, 1.0, 1.5, 2.0, 2.5, and 3.0).
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The GPSNet framework employs 1D finite difference grids to
replace the traditional grid system used in numerical simulations,
making the construction of the flow network a critical component.
Wang et al. (2021) introduced three selectable parameters
(maximum length Inax, minimum angle 6,;,, and maximum
number of connections n¢max) to filter the connections between
wells for forming the initial flow network, as shown in Fig. 3.
Taking a central well point (green well) as an example, when the
distance between two wells exceeds Imax, it is assumed that the
two wells are not connected, and the connection is removed, as
shown in Fig. 3(a). When the triangle formed by three wells has an
internal angle smaller than 6,,,, the two furthest wells are
considered to be connected indirectly through the intermediate
well, and the longest connection is removed, as shown in Fig. 3(b).
If the number of selectable connections for a well exceeds n¢ max,
only the n¢max closest connections are retained, as shown in
Fig. 3(c), where the connection between green well and well 5
and well 6 is deleted. Certainly, in GPSNet, all connections can be
manually adjusted based on prior knowledge and geological un-
derstanding. The connectivity graph can be modified after
applying the three parameters to more accurately describe the
primary flow pathways in the subsurface reservoir.

2.1.3. Map the flow network to 1D discrete connections

Most commercial numerical simulators operate on grids in
Cartesian coordinate systems. To ensure compatibility with
traditional reservoir simulators (such as those based on finite
difference or finite volume methods), Ren et al. (2019) mapped the
connectivity graph constructed above to a 1D discrete grid cells
that can be recognized by commercial numerical simulators, as
shown in Fig. 4. For example, in a five-point well network, there
are five well points and eight connections. Fig. 4(b) shows the
mapped 1D connection graph, where the red blocks represent the
well point grid cell, located at the two ends of the mapped graph.
The colored blocks in the middle correspond to the connections of
the same color in Fig. 4(a) and represent the flow grid cells. Clearly,
the number of well grid cells exceeds the number of well points, so
non-adjacent connections are used to link the well points to the
flow paths (dashed lines represent non-adjacent connections),
while redundant grid cells are set as inactive (white grid cells) and
are not included in the simulation calculations. There are imper-
meable barriers between different connections (black solid lines),
representing zero permeability in the y-direction or inactive grid
cells placed between the connections. The gray solid lines repre-
sent transmissible interfaces. Ren et al. (2019) suggested that
employing 10 grid cells can achieve an optimal trade-off between
computational speed and accuracy during traditional waterflood
simulations. However, for scenarios involving polymer flooding or
other chemical-enhanced oil recovery techniques, which experi-
ence highly diffusive flow behavior, 10 grid cells are often insuf-
ficient to meet the required computational accuracy. In this study,
we set the number of grid cells in the connections to 25 (including
the well grid cells) to better capture the detailed representation of
depositional facies.

2.1.4. Model parameterization

The parameterization process of the GPSNet primarily relies on
well log and completion data, and takes the average value of the
well point properties at both ends of the connection as the initial
value of the grid properties in the connection. This approach
provides a simple and rapid way to establish the model's initial
state. However, according to this study, the subsequent prediction
results based on this assignment method are unreliable. This is
because history matching is an ill-posed problem with multiple
solutions. Without the addition of constraints, the fitting process
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will search across the entire parameter space. Although the final fit
may appear satisfactory production performance, the resulting
parameter field can diverge significantly from the true values and
fail to correspond with geological interpretations, thereby
compromising predictive performance. In this section, we first
introduce the parameters that need to be determined for the
GPSNet and the items directly influenced by these parameters.

Capillary pressure: phase pressure, phase distribution.

Relative permeability model parameters: phase rate, phase
distribution.

Water-oil contact (WOC) depth: phase distribution.

Rock compaction, fluid compressibility, fluid pressure, volume,
temperature (PVT): phase volume, phase rate.

Reservoir pressure/temperature: well performance, fluid PVT.

Grid permeability: phase rate.

Grid volume: phase volume.

Producer/injector well index (WI): well performance.

The reasonable assignment of grid-cell volumes is as important
as the allocation of permeability, since cell volume directly de-
termines the phase capacity of each grid cell. However, in practice,
the prior information required for “informed” grid-volume
assignment is usually unavailable, making it difficult to define
accurate volume distributions directly from geological data.
Therefore, we generated the prior grid volumes uniformly in this
work, and to ensure physical reasonableness, the total volume was
constrained during the history-matching process. For two-phase
oil-water flow, the Corey model (Brooks, 1965) is used to
describe the relative permeability curves:

)"

S —S
l k?( o or

No _
7) ke — 1<9W( Sw — Swe
1 - SOl’ - SWl'
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where k% and k%, represent the endpoint relative permeabilities
for oil and water, respectively, Noand Ny, control the curvature of
the oil and water relative permeability curves, So,is the residual oil
saturation, and Sy is the irreducible water saturation.

2.2. Facies-constrained GPSNet model

To enhance the reliability of the GPSNet framework during the
prediction stage, it is essential to integrate more geology-related
prior knowledge to reduce the randomness of history matching
solutions. In field practice, the most effective geological data to
describe the distribution of subsurface sand bodies are deposi-
tional facies maps. Therefore, in this study, the GPSNet framework
is improved by proposing the GPSNet-FC model, which in-
corporates depositional facies information into the modeling
process. In this study, the available facies data are provided as a
pixel-based image rather than a grid-aligned model that directly
corresponds to the simulation grid. Therefore, a series of pre-
processing steps are applied to ensure accurate facies mapping.
Specifically, Gaussian filtering is used to remove high-frequency
noise and improve the continuity of facies boundaries; the Sobel
operator is employed to detect boundary gradients between
different facies; and the level set method is employed to evolve
and smooth the detected boundaries into continuous and closed
interfaces ¢(x,y) whose sign distinguishes different facies regions.
The processed depositional facies map is then integrated with the
GPSNet model, enabling grid cells associated with different facies
to be assigned property values according to the attributes of their
respective facies. This procedure allows the initial model to better
conform to the geological characteristics of the reservoir. The de-
tails of the GPSNet-FC model are as follows:
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2.2.1. Edge detection
We use edge detection (Torre and Poggio, 1986) methods to
identify the initial boundaries of sedimentary facies. The edge of
an image refers to areas where there is a significant change in
pixel intensity within a localized region. In digital images, these
edges manifest as abrupt transitions in grayscale values, resulting
in local discontinuities that delineate distinct structural features.
Depositional facies maps illustrate the spatial distribution of a
reservoir's depositional environments and rock types, providing
insights into the relationships between different facies. These
maps typically feature distinct facies boundaries, which are
particularly prominent in fluvial depositional systems. Edge
detection techniques can be effectively applied to identify and
delineate these facies boundaries, enhancing the accuracy of
facies classification.
First, the obtained depositional facies map is converted into
a grayscale image. A Gaussian filter is then applied to denoise
the image, which works by performing a weighted average
based on the grayscale values of the pixel to be filtered and its
surrounding neighborhood. This method effectively filters out
high-frequency noise superimposed on the image, ensuring that
the gradient computation reflects genuine geological transitions
rather than random pixel variations. The Gaussian function is as
follows:
x2+y?

=— e 202
2102

fxy) (2)
where ¢ is the parameter that controls the standard deviation of
the Gaussian filter.

We use the Sobel operator to calculate the first derivative
and identify the points where the grayscale values change most
rapidly, thereby determining the image edges. Compared with a
simple 1D two-cell filter, the Sobel operator provides better
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noise tolerance and directional sensitivity, which helps capture
continuous boundary features even when the image contains
minor pixel irregularities. The Sobel operator convolves the
image with convolution kernels in the X and Y directions to
compute the gradient value for each pixel. The gradient value is
then compared with a given threshold Ty, esnord; if it exceeds the
threshold, the point is considered an edge point. The convolu-
tion kernels in the X and Y directions, Sobely and Sobel, are as
follows:

-1 0 1
Sobely=|-2 0 2 (3)
-1 0 1

Fig. 7. The level set function differentiates sedimentary facies.

(€) Tinreshos = 0.30

(f) Tirresnoia = 0.40

(9) Tirveshos = 0.50 (h) Tinveshos = 0.60

Fig. 6. Sensitivity analysis of the Sobel threshold Ty eshoiq ON Sedimentary facies boundary detection. The Gaussian filter parameter was fixed at ¢ = 1.5. (a)-(h) Edge detection
results obtained with different Sobel threshold (T esholq = 0.10, 0.15, 0.20, 0.25, 0.30, 0.40, 0.50 and 0.60).
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-1 -2 -1
Sobely=|{ 0 0 O (4)
1 2 1

If A is the original image, the gradient magnitudes in the hor-
izontal and vertical directions Gx and Gy, are as follows:

Gx = Sobel, x A (5)

Gy =Sobely, x A (6)
The total gradient G for each pixel is given by:

G=1/G}+ G} 7
The gradient direction 0 is given by:

0=tan"!(Gx / Gy) (8)

To evaluate the influence of parameter selection on facies
boundary extraction, sensitivity analyses were conducted for both
the Gaussian filter parameter ¢ and the Sobel threshold Ty eshold-
As shown in Fig. 5, the sedimentary facies maps used in this study
often contain minor local noise that can generate fragmented
edges when no Gaussian denoising is applied. We tested a range of
Gaussian filter parameters (¢ = 0.5, 1.0, 1.5, 2.0, 2.5, and 3.0) to
examine their effects on edge continuity. The results indicate that
when o> 1.0, the extracted boundaries become clearer and more
continuous. A larger o provides stronger denoising capability but
may also smooth fine details. The optimal ¢ value depends on
image quality and noise level; since the sedimentary facies maps
in this study exhibit well-defined and distinct facies boundaries, a
relatively large o (1.0-3.0) is appropriate for effective denoising
while preserving edge geometry.

For the Sobel operator, a fixed threshold approach was adopted
because facies maps consist of only a few distinct color regions with
sharp contrast, resulting in most pixels having near-zero gradient
magnitudes within homogeneous zones. According to (Jahne, 2005),
for images with clear edges and low noise, a single fixed threshold is
often sufficient for reliable edge detection. In the sensitivity test, the
Gaussian filter parameter was fixed at ¢ = 1.5, while the Sobel
threshold was varied from 0.10 to 0.60. The results (Fig. 6) show that
small thresholds (e.g., 0.10-0.20) produce noisy and over-sensitive
edge maps, whereas larger thresholds (0.30-0.60) suppress weak
responses and yield thin and continuous facies boundaries. There-
fore, in this study, a threshold in the range of 0.30-0.60 was selected
as optimal for sedimentary facies boundary identification.

2.2.2. Level set method

Edge detection can effectively highlight facies boundaries, but
it is highly sensitive to noise, often producing fragmented or
discontinuous edges and yielding a discrete, pixel-based contour.
Such contours neither provide a continuous mathematical repre-
sentation of the boundary nor define which region is which facies,
so they cannot be directly used to assign facies types on the
simulation grid. We therefore use the edge map only to initialize a
level set function and then evolve it to obtain clean, continuous,
and closed boundaries together with an explicit region labeling.

The core idea of the level set method is to use a high-
dimensional scalar function (i.e., the level set function) to repre-
sent the position and shape of a surface without explicitly
describing the surface. Typically, the signed Euclidean distance
from a point on the plane to the contour curve is chosen as the
level set function (Osher et al., 2004). Suppose the reservoir's
depositional model is divided into two depositional facies, Q; and
Q,, with a closed curve dD serving as the boundary between the
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two facies. Each depositional facies is represented by its corre-
sponding geological parameters, as shown in Fig. 7. The level set
function corresponding to the point (x,y) in the image should be:

d[(x,y), oD
cﬁ(x,y):{ [(x,y),0D]

*d[(X,y), aD}
where d[(x,y),0D] is the distance from the point (x,y) to the level
set contour curve dD. The distance is positive inside the curve, zero
on the curve, and negative outside the curve.

The level set function, evolving over time, can be denoted as
¢i(x,y,t). The evolution of the surface is typically described by the
core equation of the level set method (the level set evolution
equation):

(x,y) € oD

9
(x,y) ¢ oD ®

L

ot ot (10)

Vil =0
where aD;;/dt is the velocity function, which determines the direc-
tion and speed of the surface evolution between facies i and j, and
|V ;| represents the gradient magnitude of the level set function.

After the evolution, we obtained a numerical representation of
the mathematical curve ¢(Ximg, yimg>, because the facies image
and the simulator use different coordinate systems, we apply a
simple linear mapping:

Xsim = GxXimg + bx, ¥sim = ayYimg + by (11)
where xg;;, and y;,, are the coordinates of the grid cells, X, and y;,, are
the pixel coordinates, ay and ay are the scale factors, by and by are the
offset terms. By evaluating the evolved level set function ¢ at (Xsim, ¥sim)
on the flow-network grid, facies boundaries defined in image space are
seamlessly integrated into the simulation domain, ensuring consistent
facies-based property assignment in the numerical model.

When more than two facies are present, multiple level set
functions can be used. For three facies, for example, two functions
¢1, ¢, are sufficient, the sign combination identifies each facies:

Facies A: (¢ >0, ¢ >0), facies B: (¢; >0, ¢, <0), facies C:
(91 <0,92 >0).

Each level set function evolves independently, allowing mul-
tiple facies interfaces to be captured simultaneously without
explicit tracking of their topological changes.

We randomly generated a set of depositional facies maps using
Stanford Geological Statistical Modeling Software (SGeMS, Remy,
2009), as shown in Fig. 8 The facies boundaries were then iden-
tified using a combination of edge detection and the level set
function, with the results shown in Fig. 9. It is evident that the
facies boundaries of each depositional facies map are accurately
identified, enabling the segmentation of different geological re-
gions within the reservoir. Based on the GPSNet framework and
Sedimentary facies identification, we assigned values to the grid
cells according to their corresponding depositional facies types,
resulting in the GPSNet-FC model. Even though depositional facies
were considered in the initial modeling, the simulation results of
the model do not always match the observed data. Therefore, our
best approach is to use these values as reference points and further
calibrate the model through the History Matching process.

2.3. History matching

There are many data assimilation methods used for parameter
calibration, such as gradient-based algorithms (Jacquard, 1965),
evolutionary algorithms (Paredes et al., 2013), ensemble Kalman
filter algorithms (EnKF) (Evensen, 1994), and Ensemble Smoother
with Multiple Data Assimilation (ESMDA) (Emerick and Reynolds,
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Fig. 8. Sixteen randomly generated sedimentary facies maps. Red channels and blue background representing two different facies.

2013). Where gradient-based algorithms are the most common
solution method, which calculate the gradient of the objective
function with respect to model parameters and update the pa-
rameters along the direction of the gradient, gradually optimizing
the model to fit the observed data. However, these methods are
challenging to implement, and the convergence process can be
very difficult. Evolutionary algorithms simulate the process of
biological evolution, including operations such as crossover, mu-
tation, and selection among individuals in a population, gradually
evolving solutions with higher fitness to optimize model param-
eters. As reservoir models become more complex, the slow
convergence of evolutionary algorithms has become more pro-
nounced, and with the emergence of other history matching al-
gorithms, evolutionary algorithms are increasingly being rendered
obsolete in history matching tasks. EnKF is a Monte Carlo-based
filtering algorithm, which uses an ensemble to simulate the
probability distribution of a multi-dimensional system and up-
dates the system's state by integrating observational data and
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model predictions. This method achieves high computational ef-
ficiency and is widely used for automatic history-matching tasks.
ESMDA is an extension of the EnKF and has been shown to provide
greater robustness and accuracy for parameter estimation prob-
lems (Emerick and Reynolds, 2013). Moreover, Evensen (2018) has
demonstrated the applicability of ESMDA in handling strongly
nonlinear systems. Therefore, ESMDA is adopted in this study for
the history-matching process.

In the GPSNet-FC model, the main adjustable parameters
include the grid volume, grid permeability, and relative perme-
ability, among others. Specifically, the parameter vector m; can be
expressed as:

mj:(I(l-,...,vi7...,I<90,I<RN,NO,NW) (12)

J

where the subscript j represents the sample index, the subscript i
represents the grid index, K is the permeability, V is the grid vol-
ume, k9 and k9, represent the endpoint values of the oil and water
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Fig. 9. Identified sedimentary facies boundaries in Fig. 8. Yellow curves representing facies boundaries.

relative permeability curves, while N, and Ny, control the curva-
ture of the oil and water relative permeability curves, respectively.

The essence of history matching is to adjust the parameters m
in order to minimize the difference between the model's simula-
tion results and the actual production data. The objective function
during the iterative process can be expressed as:

argminf (m) = 2(8(m) — dops)" o~ (20M) ~ dops)

+%(m —mHTeym—m") (13)
where f(m) is the objective function value, g(m) is the model
simulation result, d,s is the observed data, Cp is the covariance
matrix of the observation data error, m is the model parameter
vector, m" is the prior vector, and Cy is the prior parameter
covariance matrix. Eq. (13) generally consists of two terms. The first
term represents the data-mismatch term, which measures the dif-
ference between simulated and observed data and ensures that the
assimilated model can reproduce the observed production behavior.
The second term is the prior-deviation term, which quantifies the
deviation of updated parameters from their prior distribution to
prevent excessive divergence during the matching process.
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For a model parameter vector myj with np, parameters, ng
dimensional observed data, and an Ne sized ensemble, the update

equation for the model parameters mj in ESMDA is as follows:

- (ducj - df)

J
forj = 1,2, ..., Ne, where Ne is the ensemble size; the superscript a
represents the analysis value, and f represents the prediction value;

mf =mf + Gy (Chp + anCo (14)

~—

C{AD denotes the cross-covariance matrix between the model

parameter vector m/ and the model's predicted result d; C{)D de-
notes the auto-covariance matrix of the model's predicted results d;
Cp represents the covariance matrix of the observation data errors;
dyc,j is drawn from N(dgp,s,Cp); dops is the observed data; an repre-
sents the inflation factor in the n-th data assimilation step, with a;, >
1and Z’r;’":laln =1, Ny is the total number of iterations. In this study,
Ny = 15 assimilation steps were performed, with equal inflation
factors ay = 15 forn = 1,2,...,15. The observation data errors were
assumed to have a standard deviation equal to 5% of the measured oil
production rate, and Cp was constructed accordingly. Specifically, in

Eq. (14), C{V[D and C{)Dare as follows:
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(b) GPSNet grid
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Fig. 10. Reservoir model and grid volume distribution pattern. (a) Cartesian grid. (b) GPSNet grid. (c) Grid-volume distribution consistent with the flow physics. (d) Uniform grid

volume distribution.

o =1 ] <) (8 )’ »
Cho = oy (¢ ) (4 )

where m represents the mean value of the prior model parameter

vector, and d represents the mean value of the model's predicted
results. Thus, we have:

_ 1 N,

mf:N_er=1n5f

- . (16)
J:ﬁerild;

During the history matching process, we take two sedimentary
facies as examples, Q; and Q,. To reduce the randomness in the
history matching results and ensure that the model is consistent
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Fig. 11. Comparison of water cut. The black circles represent the results obtained from
the Cartesian grid simulation, the red curve corresponds to the GPSNet simulation
with a flow-physics-consistent grid-volume distribution, and the blue curve repre-
sents the GPSNet simulation with a uniform grid-volume distribution.

with the actual geological understanding, we impose constraints
on the grid properties and reservoir conditions within each facies:
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Ko, min < Kigo, < Ko, max

KQZ min < Ki,Qz < KQZ max

0 <Vig, < Votot
0 <Vig, < Voot
Ne,

Z Vi,ﬂ] = Vgltot i [S Q]
i=1

No,

Z Vi,ﬂz = ngtot i [S Qz
i=1
0<KkS

Tro»

1<Ny,Nyw <6

i€Q1
iGQZ

(17)

K, <1

where K; ,, represents permeability of grid i in facies Q; Kg i, and
Ko max represents the minimum and maximum permeability of
facies Q, respectively; V;, represents the grid volume of facies Q;
Vo, totrrepresents the total reservoir volume of facies Q; and Ng
represents the number of grid cells belonging to facies Q. In our
workflow, the prior permeability and grid-volume values were
randomly generated within predefined upper and lower limits
based on the initial model, and the bounds were defined according
to available geological information for each facies, ensuring that all
parameter values remain within realistic geological ranges. We
noticed that directly applying truncation-based bound constraints
to parameter values during the history-matching process may
violate the Gaussianity assumption required by the ESMDA formu-
lation. To address this issue, we employ the normal score transform
(Joetal., 2017; Jung et al., 2017) on the model parameters during the
history matching process. This procedure preserves the Gaussianity
assumption of the ESMDA method while ensuring that the updated
parameters remain physically meaningful.

2.4. Production optimization for polymer flooding

The fitted flow network model is regarded as the optimal proxy
model and is subsequently used for production optimization of
polymer flooding reservoirs. We employ the commercial numerical
simulator Eclipse as a numerical solution tool for GPSNet-FC. In
Eclipse, polymer flooding is activated using keywords such as
“POLYMER”, allowing the simulation to account for various physi-
cochemical processes, including the material balance equation of the
polymer solution, adsorption and retention, and shear degradation,
and the details can be referred to (Tellez Arellano et al., 2023).

Production optimization aims to obtain the optimal oilfield
development strategy by effectively solving the objective function.
By adjusting variables such as well control, oil production can be
increased while minimizing development costs. In this paper, the
NPV is set as the objective function for the production optimiza-
tion process. Considering the issue of polymer injection, the NPV
function is defined as:

L Np Ni
max Ju)= > | > (roqﬁj - rqu’vj) — > Twilwi
4| = i1
=t L ' (18)
2 ppi k (1+b)"/3%

where, ] represents the objective function value, and u denotes the
optimization variables, which consist of injection rate, polymer
concentration, and liquid production rate. These variables form a
parameter vector representing the controllable operation
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Fig. 12. Sensitivity analysis of polymer parameters on reservoir production perfor-
mance in the GPSNet model. (a) Polymer injection volume. (b) Polymer injection
concentration. (¢) Polymer injection rate.

parameters of all wells. L is the total number of control steps. Np, N
and Np; represent the number of production wells, water injection
wells, and polymer injection wells, respectively. ro, rw, Iy and
rpcorrespond to the oil price, wastewater treatment cost, water in-
Jection price, and polymer injection price, respectively. g7 f and qy, j
represent the average oil production rate and water production rate,
respectively, of the production well j at the n-th simulation time step.
qcvi’i is the average water injection rate of the water injection well i at

the n-th simulation time step, and qgi‘k is the average polymer in-

jection rate of the polymer injection well k at the j-th simulation
time step. b is the annual discount rate, and At" is the time step
length at the n-th simulation time step. t"is the cumulative time up
to the n-th simulation time step. The physical meaning of the above
equation is the oil revenue minus the costs of water production,
water injection, and polymer injection, representing the NPV.

The optimization process is constrained by control boundaries
for injection wells and production wells, the range of polymer
concentration, and reservoir pressure. The constraints for the
optimization process are as follows:
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(a) Sedimentary facies map
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(b) Boundary identification

Fig. 13. Sedimentary facies map and boundary identification for Example 2. (a) Sedimentary facies map. Red represents high-permeability facies, and blue represents bedrock
facies. (b) Boundary identification. Yellow curves represent sedimentary facies boundaries.

NI t NPI ¢
Z C1w11 + Z qpl k
09 <=t N k=1 <11
P
t
]; dp, (19)

ulow <u< uypP

PminSPSPmax

Constraint (1) indicates that the total injection-production ratio
of the oil field needs to be between 0.9 and 1.1. u!°% and
u“Prepresent the lower and upper bounds of the variable u, which
are determined based on the actual production conditions and
operational constraints of the oil field. The injection and produc-
tion rates are restricted within ranges that comply with the ca-
pacity of the wells and surface facilities, ensuring that the
optimized results remain physically realistic and operationally
feasible. Py, and Pmax are the lower and upper bounds of the
control pressure for the wells. The production optimization
problem is solved using the DE Algorithm (Das and Suganthan,
2010) in this study.

3. Experimental results and discussion

This section aims to validate the accuracy of the GPSNet-FC
model through three 2D reservoir cases and one real reservoir
field, with the computational results from the commercial reser-
voir simulator Eclipse serving as the reference values for the 2D
reservoir models. Specifically, Example 1 aims to verify the cor-
rectness of the GPSNet framework in polymer flood simulations
and to conduct a sensitivity analysis of various parameters related
to polymer flooding. Example 2 seeks to demonstrate that,
compared to the GPSNet framework, the GPSNet-FC model can
effectively improve the accuracy of history matching and the
reliability of predictions in polymer flood scenarios. Example 3
validates the effectiveness of the production optimization method
that considers polymer flooding based on the model after history
matching in Example 2. Finally, Example 4 is provided to assess the
applicability of the model in real reservoir applications.
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3.1. Example 1: polymer flooding simulation and sensitivity
analysis

The GPSNet-FC method is an improvement based on the
GPSNet framework, so we first need to verify that GPSNet can be
used in polymer flooding, and polymer-related parameters and
mechanisms can be considered in the model. So, this example aims

Ko
Ke
S, 08+
=
=
3
0.6 4
£
=
@
[e8
quj 0.4
=
o
9]
X o2
0 T T T T T
0.2 0.3 0.4 0.5 0.6 0.7 0.8
S

Fig. 14. Relative permeability curve. The blue line represents the water-phase relative
permeability, and the red line represents the oil-phase relative permeability.

Table 1
Reservoir and fluid physical properties used in Example 2.
Properties Value Properties Value
Initial reservoir 40 MPa Oil density 850 kg/m>
pressure
Rock 2.00e—4 MPa~! Water density 1000 kg/m?
compressibility
0il compressibility 2.00e—4 MPa~! Initial oil saturation 0.80
Water 2.00e—4 MPa~! Irreducible water  0.20
compressibility saturation
Qil viscosity 20.00 cp Residual oil 0.2
saturation
Water viscosity 1.20 cp Wellbore radius 0.2 m
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Fig. 15. Model construction in Example 2. (a) Flow network. (b) Mapping to 1D discretized connections.
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(a) Initial permeability field in GPSNet (b) Initial permeability field in GPSNet-FC
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Fig. 16. Comparison of permeability fields before and after history matching. (a) Initial permeability field in GPSNet. (b) Initial permeability field in GPSNet-FC. (c) Fitted
permeability field in GPSNet. (d) Fitted permeability field in GPSNet-FC. The blue background represents the sedimentary facies field from the Eclipse model. The color within the
connecting channels indicates the permeability of grids, with red representing higher and blue representing lower.
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to verify the effectiveness of the GPSNet framework, which sim-
plifies a 2D grid into a 1D connection, in simulating polymer
flooding. A simple 2D homogeneous reservoir model (with
permeability of 100 mD) is considered. The Cartesian grid is shown
in Fig. 10(a). The reservoir dimensions are 400 m x 400 m x 2 m,
and the number of grids is 10 x 10 x 1. One water injection well is
located in the lower-left corner, with an injection rate of 100 m>/d,
and one production well is located in the upper-right corner, with
a production rate of 100 m3/d. Water injection starts from the
initial time step, and at day 1500, a polymer solution with a con-
centration of 0.5 kg/m? is injected, with water injection resuming
at day 1800. The total injection time is 3600 days, and the pro-
duction well maintains a constant production rate of 100 m?/
d throughout the process.

Since this case represents a simple homogeneous reservoir
with one injector and one producer, the streamline pattern is ex-
pected to expand outward from the injector and then converge
toward the producer. Therefore, we constructed a spindle-shaped
1D grid model, as illustrated in Fig. 10(b) (Lerlertpakdee et al.,
2014), to preserve physical consistency while skipping the
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history-matching process. Specifically, the total distance between
two wells is denoted as L, and the number of grids is N. The grid
width is thus d = L/N, and the interwell rectangular domain is
evenly divided into N segments. The length of the n-th grid cell is
calculated as h, = N— |2n — (N + 1)|d, and assuming a constant
formation thickness H, the volume of the n-th grid cell is given by
Vn = d x H x hy, as shown in Fig. 10(c). Meanwhile, for compari-
son, we also present the case without the volume profiles sketched
in Fig. 10(b), as shown in Fig. 10(d).

Fig. 11 compares the water-cut results obtained from simula-
tions using the GPSNet and Cartesian grids under two different
volume-assignment patterns. The black circles represent the re-
sults obtained from the Cartesian grid simulation, the red curve
corresponds to the GPSNet simulation with a flow-physics-
consistent grid volume distribution, and the blue curve repre-
sents the GPSNet simulation with a uniform grid volume distri-
bution. It can be observed that both models show a decreasing
water cut, forming a “funnel-shaped” trend after polymer injection
on day 1500. The water-cut curve of the GPSNet model that pre-
serves physical and geometric consistency closely matches that of

mD (in In scale)

8.0
7.5
7.0
6.5
6.0
| [ 55
5.0

4.5

mD (in In scale)
0.09
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Fig. 17. Mean and standard deviation of posterior permeability distributions after history matching using the GPSNet and GPSNet-FC models. (a) Posterior mean of GPSNet. (b)
Posterior mean of GPSNet-FC. (c) Posterior standard deviation of GPSNet. (d) Posterior standard deviation of GPSNet-FC.
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the Cartesian model, whereas the uniform-grid case exhibits a
noticeable deviation. Therefore, it can be concluded that although
GPSNet simplifies the two-dimensional Cartesian grid into a one-
dimensional finite-difference grid, it still maintains the accuracy
of the forward simulation, demonstrating the validity of the
GPSNet model for polymer flooding scenarios.

We conducted a sensitivity analysis on the impact of polymer
parameters on reservoir production performance. The primary
focus was on testing the effects of polymer injection volume,
polymer concentration, and polymer injection rate on the degree
of reduction in the water cut curve. During the analysis of each
parameter's sensitivity, only the parameter under consideration
was varied, while all other parameters remained constant. The
results are shown in Fig. 12.

In this example, the polymer injection concentration in the
sensitivity analysis was varied from 1.2 to 2.0 kg/m?, which falls
within the commonly applied field range of 1.0-2.5 kg/m> (Wang
et al., 2008). The total injected polymer slug volume was set be-
tween 0.2 and 0.6 PV, corresponding to the range used in industrial
polymer flooding projects (typically 0.3-0.7 PV) (Wang et al.,
2008). The polymer injection rate was designed to be consistent
with field injection conditions in order to maintain reservoir
pressure and achieve effective mobility control. Accordingly, the
injection rate in this study was set between 40 and 120 m>/d.
These parameter settings ensure that the sensitivity analysis
closely reflects realistic reservoir operation scenarios and provides
practical insights for polymer flooding design.

From the sensitivity analysis, we concluded that, under the
condition that other parameters remain the same, the larger the
polymer injection volume, the more the water cut curve shifts to
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the lower-right; the higher the polymer concentration, the deeper
the “funnel” of the water cut curve; and the higher the injection
rate of the polymer solution, the more the water cut curve shifts to
the upper-left. Different combinations of polymer parameters
result in different production outcomes, which demonstrates that
considering polymer displacement in the GPSNet framework is
effective. Therefore, we can use GPSNet-FC based on the GPSNet
framework to do further study on polymer flooding optimization.

3.2. Example 2: history matching and prediction for polymer
flooding

This example aims to test the fitting and prediction perfor-
mance of the GPSNet-FC model, which incorporates the sedi-
mentary facies map, compared to the GPSNet framework, in
handling reservoirs with distinct sedimentary distribution.
Therefore, a two-dimensional channelized reservoir model with
fluvial facies deposition is designed. The permeability field con-
sists of a transverse band of high-permeability channels
embedded in a low-permeability bedrock facies, as shown in
Fig. 13, where the channel facies with a prior permeability (in In
scale) of 7.7 mD and the background facies with a permeability of
4.6 mD. The model dimensions are 400 m x 400 m x 2 m, the
number of grids is 100 x 100 x 1, and the porosity is 0.2. Four
injection wells and nine production wells are evenly distributed
throughout the reservoir. The relative permeability curves are
shown in Fig. 14, and other reservoir properties are listed in Table 1.

We used the full-grid Eclipse model to simulate a total of 3900
days of production history as observation data. Among them, the
first 2100 days of water flooding history were used for model
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Fig. 18. Probability density distribution of permeability for the inter-well connection. Orange denotes the GPSNet results, and blue denotes the GPSNet-FC results. The histograms
represent the sampled permeability distributions from the posterior ensembles, while the smooth curves represent the fitted probability density functions (PDFs). (a) Connection
between INJ-01 and PRO-01. (b) Connection between INJ-01 and PRO-05. (c¢) Connection between INJ-04 and PRO-04. (d) Connection between INJ-04 and PRO-05. The perme-

ability is in In scale.
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calibration, and the following 1800 days of production history
were used to validate the prediction performance of GPSNet-FC
and GPSNet. In the model, the four injection wells started inject-
ing water from the initial time and maintained a constant injection
rate of 22.5 m>/d. Starting from day 2100, a polymer solution with
a concentration of 0.5 kg/m> was injected, and water injection
resumed on day 2400. Nine production wells maintained a con-
stant production rate of 10 m>/d throughout.

First, we used edge detection and level set methods to identify
the phase boundaries of the reservoir model, as shown in
Fig. 13(b). The facies boundaries are mostly accurately detected.
Based on this, we constructed the GPSNet-FC model by integrating
well control and completion information. For comparison, we also
constructed the GPSNet model. The difference between the two
models does not lie in the model structure; therefore, the flow
network models for both are shown in Fig. 15(a). There are 32
connections in the model. The connection mapping diagram is
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shown in Fig. 15(b), where each connection unit is discretized into
25 grid cells, including 23 connection grid cells and 2 possible well
cells at both ends of the connection. The permeability field dia-
grams for the initialized GPSNet and GPSNet-FC models are shown
in Fig. 16(a) and (b), and the grid volumes were initialized uni-
formly. To facilitate the observation of the relationship between
the constructed models and the sedimentary facies, we overlay the

Table 2
FOPT and FWCT errors in the history matching and prediction process of GPSNet
and GPSNet-FC in Example 2.

Field, % FOPT-HM FWCT-HM FOPT-Pre FWCT-Pre
GPSNet-prior 33.59 3.27 142.55 48.24
GPSNet-posterior 2.59 0.82
GPSNet-FC -prior 43.37 4.18 0.35 2.79
GPSNet-FC -posterior 1.28 0.37
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Fig. 19. Fitting and prediction results of cumulative oil production and water cut for the field. (a) Fitting results of FOPT in GPSNet. (b) Fitting results of FWCT in GPSNet. (c) Fitting
results of FOPT in GPSNet-FC. (d) Fitting results of FWCT in GPSNet-FC. The gray curve cluster represents the prior model results, the blue curve cluster represents the posterior
model results, the red curve represents the Eclipse simulation results, and the green curve represents the mean of the posterior results. (e) Comparison of FOPT prediction results.
(f) Comparison of FWCT prediction results. The dashed line divides the time into the history matching stage and the prediction stage. The blue line represents the GPSNet
prediction results, the orange line represents the GPSNet-FC prediction results, and the red dots represent the Eclipse simulation results.
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flow network connection diagram on top of the permeability field
diagram in Fig. 13(a). The red background represents the high-
permeability channel facies, and the blue background represents
the low-permeability bedrock facies. The color depth of the grid
cells in the connections indicates the permeability value, with red
indicating higher permeability and blue indicating lower perme-
ability. During model initialization, the grid parameters in the
GPSNet model are assigned based on the average values of the
properties at the two connected well points. So, all grid cells
within the same connection share identical properties, as illus-
trated in Fig. 16(a). In contrast, GPSNet-FC captures more detailed
depositional facies characteristics during grid property assign-
ment, providing a stronger foundation for its more reliable pre-
dictive capability.

During the history matching process, we used the well oil
production rate (WOPR) as the observation data, with the fitting
parameters being the permeability and grid volume between each
grid. The population size for the history matching was set to 250,
with 15 loop iterations. The prior permeability of each facies was
sampled within +0.5 mD around the initial permeability (in In) of
that facies, while the prior grid volumes were sampled within the
range of [0.5, 2] times their initial values (Wang et al., 2022). The
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optimal model obtained after history matching for GPSNet and
GPSNet-FC is shown in Fig. 16(c) and (d), respectively, with a
consistent color scale applied to both the background and the
network cell values. Similarly, the color intensity represents the
magnitude of the permeability values. The posterior grid volumes
obtained after history matching are no longer uniform, but their
variation is difficult to visualize in the schematic plots due to
geometric simplification and scale limitations. To minimize the
objective function during history matching, GPSNet, which lacks
depositional facies constraints, searches for the optimal solution
across the entire parameter space. As a result, its permeability
distribution exhibits a disordered and random pattern, where low-
permeability regions may display high values and vice versa. In
contrast, the history-matched results of GPSNet-FC, constrained by
the depositional facies map, demonstrate better consistency with
geological understanding. Therefore, in terms of geological con-
sistency, the overall credibility of the GPSNet-FC model after fitting
is higher than that of the GPSNet model.

To further quantify how facies constraints reduce the non-
uniqueness of history matching, we performed statistical ana-
lyses on the posterior permeability fields obtained from 250
ensemble realizations. Fig. 17 presents the mean and standard
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Fig. 20. Prediction results of water cuts for each well of Example 2. The dashed line divides the time into the history matching stage and the prediction stage. The blue line
represents the GPSNet prediction results, the orange line represents the GPSNet-FC prediction results, and the red dots represent the Cartesian grid simulation results.

Table 3

WCT errors in the prediction process of GPSNet and GPSNet-FC in Example 2.
Prediction, % PRO-1 PRO-2 PRO-3 PRO-4 PRO-5 PRO-6 PRO-7 PRO-8 PRO-9 All
GPSNet 38.77 129.57 19.14 111.10 53.41 80.71 23.27 54.69 34.30 59.52
GPSNet-FC 6.09 17.49 0.92 21.34 8.53 6.13 14.00 7.15 8.81 9.43
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deviation of the posterior permeability distributions for both
GPSNet and GPSNet-FC models. When compared with the depo-
sitional facies map, it can be observed that GPSNet-FC yields lower
permeability means in the bedrock regions and higher values
within the high-permeability channel zones, which is more
consistent with geological cognition. Conversely, GPSNet produces
a nearly uniform and structureless mean distribution, failing to
distinguish between high and low-permeability facies. Moreover,
the standard deviation of GPSNet-FC (Fig. 17(b)) is notably smaller
than that of GPSNet (Fig. 17(d)), indicating that the variability of
grid permeability is significantly reduced under the facies
constraint. This result confirms that the geological regularization
imposed by the facies map effectively narrows the uncertainty
range and mitigates the non-uniqueness of history matching.

In addition, the probability density distributions of perme-
ability were analyzed for several inter-well connections, including
INJ-01 and PRO-01, INJ-01 and PRO-05, INJ-04 and PRO-04, and
INJ-04 and PRO-04, as shown in Fig. 18. The horizontal axis denotes
the logarithmic permeability (in In), while the vertical axis rep-
resents the probability density. The yellow histograms and curves
correspond to the GPSNet model, and the blue ones correspond to
GPSNet-FC. It can be observed that the GPSNet results exhibit a
unimodal distribution concentrated below K = 7.7 mD (in In),
whereas GPSNet-FC shows a clear bimodal distribution, corre-
sponding respectively to the low-permeability bedrock and high-
permeability channel facies. This bimodal behavior aligns closely
with the geological understanding of the sedimentary system and
further demonstrates that incorporating facies constraints not
only enhances geological consistency but also effectively reduces

Petroleum Science 23 (2026) 3408-3438

parameter uncertainty and solution non-uniqueness during his-
tory matching.

The field oil production total (FOPT) and field water cut total
(FWCT) fitting results for both GPSNet and GPSNet-FC models are
shown in Fig. 19(a)-(d). In these figures, the gray curve clusters
represent the prior model simulation results, the blue curve
clusters represent the posterior model simulation results, the red
curve represents the full-grid Eclipse simulation results, and the
green curve represents the posterior model mean. The early in-
crease in water cut at the beginning of production is mainly
attributed to the small size of the reservoir model and the direct
connectivity between the injector and producer through the
high-permeability channel. In this configuration, the injected
water quickly travels along the high-permeability pathway and
reaches the production well, resulting in an immediate rise in
water cut. This design was intentional, as it allows the reservoir
to rapidly reach a high water-cut level of approximately 90%,
which facilitates the subsequent analysis and optimization of
polymer flooding. Columns 1-2 of Table 2 show the errors be-
tween the prior and posterior models of both GPSNet and
GPSNet-FC compared to the FOPT and FWCT values calculated by
full-grid Eclipse model. The Normalized Mean Squared Error
(NMSE), calculated using Eq. (20), is used to measure the differ-
ence between the models. We found that, compared to the prior
ensemble, the posterior error for FOPT in both models decreased
to within 3%, and the posterior error for FWCT decreased to
within 1%. This shows that, through the history matching process,
both models can adjust their parameters to align the production
dynamics with the actual historical data.
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Fig. 21. History matching results of oil production rates for each well in the GPSNet framework of Example 2. The gray curve cluster represents the prior model results, the blue
curve cluster represents the posterior model results, the red curve represents the Eclipse simulation results, and the green curve represents the mean of the posterior results.
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Fig. 22. History matching results of oil production rates for each well in the GPSNet-FC model of Example 2. The gray curve cluster represents the prior model results, the blue
curve cluster represents the posterior model results, the red curve represents the Eclipse simulation results, and the green curve represents the mean of the posterior results.

Table 4

WOPR errors in the history matching process of GPSNet and GPSNet-FC in Example 2.
WOPR-HM, % PRO-1 PRO-2 PRO-3 PRO-4 PRO-5 PRO-6 PRO-7 PRO-8 PRO-9 All
GPSNet-prior 10.14 7.65 3.87 9.11 349 5.79 26.96 7.97 12.90 7.81
GPSNet-posterior 1.49 1.59 0.14 1.06 0.48 1.28 441 7.62 5.14 2.32
GPSNet-FC-prior 10.00 6.66 4.12 11.20 8.33 7.22 27.15 7.91 13.15 9.09
GPSNet-FC-posterior 1.14 1.63 0.23 4.17 0.41 0.93 3.86 1.12 4.87 1.84

Table 5
WOPR errors in the posterior models of GPSNet and GPSNet-FC during five history
matching iterations. The bolded are the models with the smallest error.

WOPR-HM, % HM_1 HM_2 HM_3 HM_4 HM_5
GPSNet-posterior 2.74 2.58 3.01 2.63 2.86
GPSNet-FC -posterior 2.32 2.19 2.04 2.10 2.27
2
N M
Dot (.Vij - .Vrefj)
NMSE = (20)

MZJI\il (.Vrefj *yref,j)z

where N is the number of curves, M is the number of points in each
curve, y is the computed data, y ¢ is the reference data, and ¥, is
the mean of the reference data.

Subsequently, we evaluate the prediction performance of the
fitted models in the polymer flooding problem. Starting from day
2100, a polymer solution with a concentration of 0.5 kg/m? is
injected, and water injection is resumed on day 2400. The pre-
diction results for FOPT and FWCT are shown in Fig. 19(e) and (f).
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The dashed line indicates the historical stage on the left, and the
prediction stage on the right. The red dots represent the results
from the Cartesian grid, the blue curve shows the predictions from
the GPSNet, and the orange curve shows the predictions from the
GPSNet-FC model. Specific error data is shown in columns 3-4 of
Table 2. Clearly, the GPSNet-FC model, which incorporates sedi-
mentary facies modeling, significantly reduces the errors during
the prediction stage. The water-cut prediction results are shown in
Fig. 20, which correspond to the predictions obtained from the
best model after history matching, while the prediction errors of
WCT, which serves as the observation data in the history-matching
process, are provided in Table 3. Both models show relatively low
prediction accuracy for PRO-04, but overall, the GPSNet-FC model
reduces well prediction errors by two-thirds compared to GPSNet,
and the error for the overall field performance (FOPT and FWCT)
decreases by about one order of magnitude, demonstrating the
reliability of the GPSNet-FC model in polymer flooding scenarios.

In order to show that the superior performance of GPSNet-FC in
prediction compared with GPSNet is not due to the difference in
the randomness of history matching, while the GPSNet-FC model
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provides a more accurate representation of the underlying reser-
voir behavior. We have made a detailed presentation of the history
matching process as follows. Figs. 21 and 22 show the history
matching results for the nine production wells in both models. In
the prior model, there was significant uncertainty, but after mul-
tiple iterations, the uncertainty range in the posterior model
noticeably decreased. Most of the wells match the observed data,
achieving a good history matching process. Table 4 presents the
concrete fitting errors. Similar to the conclusions drawn from the
field performance, GPSNet slightly underperforms compared to
GPSNet-FC in terms of fitting accuracy. However, after fitting, the
errors for both models were reduced to below 3%, indicating that
the fitted models have sufficient accuracy to represent the sub-
surface reservoir conditions.

To reduce the randomness in the history matching process, we
repeated the history matching process five times for both models.
Using WOPR error as the performance metric, the results from the
five fitting runs are shown in Table 5. The model with the lowest
error from each set of iterations was selected as the final predic-
tion model. From Table 5, we can see that GPSNet-FC consistently
has lower errors than GPSNet, suggesting that the parameter
search space based on sedimentary facies makes it easier to find
suitable solutions, and the parameter inversion results after mul-
tiple iterations are more accurate.
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3.3. Example 3: production optimization in polymer flooding

In this example, we aim to verify the polymer flooding opti-
mization effect of the GPSNet-FC model. Therefore, we directly use
the sedimentary facies model fitted in Example 2 as the base
model for the subsequent optimization process. During the opti-
mization, we performed 12 control time steps, with each control
step being 180 days, for a total development period of 2160 days.
The optimization variables include the production rate, water in-
jection rate, and polymer injection concentration for each well. To
ensure that the system of each well does not change drastically
before and after optimization, the search space for the production
rate and water injection rate is set to 0.8 to 1.2 times the initial
injection-production system, and the polymer concentration is set
between 0 and 2.5 kg/m>, with polymer injection only occurring
during the first four-time steps, and water injection occurring
subsequently. For comparison, we maintained a consistent total
polymer injection volume, using a polymer solution with a con-
centration of 1.5810 kg/m?, injected uniformly into the formation
at a rate of 22.5 m3/d. Meanwhile, we also performed a compar-
ative optimization directly using the Cartesian grid (i.e., the
reservoir model that generates the red curve in Fig. 21, applying
the same optimization algorithm and constraints as used in
GPSNet-FC. Similarly, to maintain the overall injection-production
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Fig. 23. Optimization results of the well scheme using GPSNet-FC in Example 3. (a) Injection rate optimization results. (b) Polymer concentration optimization results. (c)
Production rate optimization results. The vertical axis represents the optimized wells, and the horizontal axis represents the optimized time steps. Each colored block shows the
magnitude of the optimization result, with red indicating larger values and blue indicating smaller values.
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balance for the field, the injection-production ratio is set between
0.9 and 1.1. The crude oil price is set to 494.49 USD/m?>, the water
injection cost is 6.18 USD/m>, the wastewater treatment cost is
4.63 USD/m?, and the polymer injection cost is 2527.2 USD/t (Tariq
et al., 2018). The population size is 100, and the total number of
iterations is 2000. In the differential evolution algorithm, the
mutation operator and crossover operator are set to 0.4 and 0.6,
respectively, to ensure diversity in the search space.

Fig. 23 shows the optimization results of the well scheme using
GPSNet-FC. The vertical axis represents the optimized wells, while
the horizontal axis represents the optimized control steps. The “0”
means the production scheme at the final time step of the history
matching process. This production scheme will be maintained for
12 control steps as the benchmark for comparing the optimization
results. Each row represents the optimization results for that well
across the 12 optimization control steps, with each colored block
representing the magnitude of the optimization result. The color is
red for larger values and blue for smaller values. From the figure, it
can be observed that the search results of the differential evolution
algorithm are irregular. To achieve higher NPV, a well may either
increase or decrease its liquid production during its development.
This disordered search is something that field operators cannot
manually predict, which is a significant advantage of combining
intelligent algorithms with oil field development. Fig. 24 shows
the optimization results of the well scheme using Cartesian grid.
Overall, the optimization results obtained from GPSNet-FC and the
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Cartesian grid show a certain degree of similarity. In terms of
polymer concentration optimization, both models indicate that
the polymer concentration injected from INJ-01 is lower than that
of the other three injectors. This is likely because INJ-01 has
stronger connectivity with the surrounding producers (as shown
in Fig. 13(a)), and therefore a lower polymer concentration is
sufficient to achieve an efficient displacement effect. For the in-
jection rate optimization, similar patterns can also be observed:
the injection rate of INJ-01 increases significantly in the later
optimization stages; INJ-02 shows two periods of strong injection
(around the 5th-6th and 10th-12th optimization steps); and IN]J-
04 has a higher injection rate in the early stages. In addition, the
final-stage water injection rate in the GPSNet-FC optimization is
lower than that obtained from the Cartesian grid, indicating that
sufficient reservoir energy has been established through earlier
injection. Consequently, the GPSNet-FC model tends to reduce
water injection in the later stages to reduce the costs and achieve a
higher NPV. These partial similarities suggest that although
GPSNet-FC and the Cartesian grid differ in spatial resolution, both
models identify similar operational trends when optimizing for
maximum NPV.

Fig. 26 presents the curves of cumulative oil production and
water cut over development time for several scenarios. The gray
curve divides the entire period into the fitting stage and the
optimization stage. The black curve represents the water flooding
prediction, the blue curve represents the polymer flooding
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Fig. 24. Optimization results of the well scheme using Eclipse in Example 3. (a) Injection rate optimization results. (b) Polymer concentration optimization results. (c) Production

rate optimization results.
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Fig. 25. Optimization results of the well scheme using GPSNet-FC in Example 3 within a larger optimization range. (a) Injection rate optimization results. (b) Polymer con-

centration optimization results. (c) Production rate optimization results.
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Fig. 26. Field production optimization results. (a) FOPT optimization results. (b) FWCT optimization results. The gray curve divides the entire period into the fitting stage and the
optimization stage. The black curve represents the water flooding prediction, the blue curve represents the polymer flooding prediction, the red solid line represents the polymer
flooding optimization result from GPSNet-FC, the green curve represents the optimization result obtained by GPSNet-FC within a much broader parameter search range, and the

red dashed line represents the polymer flooding optimization result from Eclipse.

prediction, the red solid line represents the polymer flooding
optimization result from GPSNet-FC, and the red dashed line
represents the polymer flooding optimization result from Eclipse.
Compared to the direct prediction of polymer flooding (blue
curve), the GPSNet-FC increased the cumulative oil production by
23.78%, achieving results comparable to those from Eclipse,
demonstrating significant optimization effectiveness.
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In practical field operations, control actions on injection and
production rates are constrained by real engineering and opera-
tional considerations (Hoffmann et al, 2019). Large, abrupt
changes in well rates can cause frequent equipment start-stop
cycles, surface facility pressure fluctuations, and stress on pumps
and piping systems, which could compromise operational stability
and facility integrity. These considerations motivate the use of
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Table 6

Comparison of prediction and optimization results in Example 3.

Petroleum Science 23 (2026) 3408-3438

Model

GPSNet-FC GPSNet-FC GPSNet-FC GPSNet-FC Eclipse
Strategy Prediction Prediction Optimization Opt-larger range Optimization
Injected solution Water Polymer Polymer Polymer Polymer
FOPT, 10* m? 2.654 3.254 3.460 3.634 3.432
Min water cut, % 0.978 0.858 0.796 0.805 0.817
NPV, 10° USD 0.469 2.600 3.200 3.682 3.105
Time cost 221s 221s 1.28 h 1.29h 6.65 h
m¥/d m3/d
o . I I . o I -
25 25
§ INJ-02 # E’ INJ-02 - #
c 23 - 23
) S
%’: 22 ‘g 22
= INJ-03 = INJ-03
= 21 £ g 21
20 20
INJ-04 19 INJ-04 19
18 18
0 1 2 3 4 5 6 7 8 9 10 11 12 0 1 2 3 4 5 6 7 8 9 10 11 12
Control step Control step
(a) Injection rate of low water price (b) Injection rate of high water price
kg/m?® kg/m?®
) °
2 2
c c
il o
© ©
2 o8
£ £

INJ-01 225 INJ-01
2.00
175

INJ-02 150 INJ-02
125 ;

INJ-03 1.00 L o3
0.75
0.50

INJ-04 025 INJ-04
0

1 2 3 4 5 6 7 8 9 10 M 12

(c) Polymer concentration of low water price

usD

Control step Control step
(d) Polymer concentration of high water price

x10°

- Low water price 529 M
- High water price

1.13M
879.34 K

287.38 K 307.67 K 276.89 K

Injected water cost Produced water cost Injected polymer cost Qil revenue NPV

(e) Comparison of cost, revenue, and NPV under low and high-water price scenarios

Fig. 27. Comparison of optimization results under low and high oil price scenarios. (a) Injection rate of low water price. (b) Injection rate of high water price. (c) Polymer
concentration of low water price. (d) Polymer concentration of high water price. The vertical axis represents the optimized wells, and the horizontal axis represents the optimized
time steps. Each colored block shows the magnitude of the optimization result, with red indicating larger values and blue indicating smaller values. (e) Comparison of cost,
revenue, and NPV under low and high-water price scenarios.
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Fig. 28. Sedimentary facies boundary identification and Cartesian grid model construction for Example 4. (a) Sedimentary facies boundary identification. The four colors
represent four different depositional facies. The light yellow curves represent sedimentary facies boundaries. (b) Full-grid Eclipse model.

Table 7

Reservoir and fluid physical properties used in Example 4.
Properties Value Properties Value
Rock compressibility 1.50e—4 MPa~! 0il density 914 kg/m>
Oil compressibility 2.20e—3 MPa™! Water density 1000 kg/m?
Water compressibility 2.20e—3 MPa~! Residual oil saturation 0.247
Qil viscosity 12.59 cp Irreducible water saturation 0.204
Water viscosity 1.00 cp Datum depth 4000 m

mD (in In scale) mD (in In scale)

mbD (in In scale) mbD (in In scale)

(c) Fitted permeability field in GPSNet (d) Fitted permeability field in GPSNet-FC

Fig. 29. Initial and fitted permeability field distributions of the GPSNet and GPSNet-FC models. The background represents the depositional facies, while the overlaid grids
indicate the flow-network permeability values. Both maps share the same color scale. And the prior ensemble was generated using this initial permeability field as the mean and a
standard deviation of 0.4 mD (in In). (a) Initial permeability field in GPSNet. (b) Initial permeability field in GPSNet-FC. (c) Fitted permeability field in GPSNet. (d) Fitted
permeability field in GPSNet-FC.

3431



G.-Y. Qin, X. Yan, K. Zhang et al. Petroleum Science 23 (2026) 3408-3438

moderate rate adjustment bounds (i.e., 0.8 to 1.2 times the initial optimization experiment using the GPSNet-FC model with a
injection-production system) to represent typical operational significantly expanded control range. As shown in Fig. 25, the
conditions. In addition, we also conducted an additional upper and lower bounds of both injection and production rates are
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Fig. 30. History-matching and prediction performance of several production wells in Example 4 using the GPSNet and GPSNet-FC models. (a) P-2 of GPSNet. (b) P-2 of GPSNet-FC.
(c) P-9 of GPSNet. (d) P-9 of GPSNet-FC. (e) P-12 of GPSNet. (f) P-12 of GPSNet-FC. (g) P-23 of GPSNet. (h) P-23 of GPSNet-FC. The black dashed vertical line separates the history-
matching and prediction stages. In the history-matching stage, the gray curves represent the prior ensemble, the blue curves represent the posterior ensemble, the green curve
denotes the posterior mean, and the red dots indicate the observed data. In the prediction stage, the blue line shows the model prediction results, while the red dots represent the
observed values. After 15 history-matching assimilation steps, the posterior ensemble had already converged strongly, causing the mean curve to almost completely overlap with
the posterior ensemble. As a result, the blue posterior curves are not clearly visible in the figure.
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significantly expanded, allowing wells to be fully shut in (rate = 0)
when necessary. The green curve in Fig. 26 shows the optimization
result obtained under this enlarged search space. It can be
observed that the water cut did not decrease significantly
compared to the red curve; therefore, the improvement in FOPT is
primarily driven by the enhancement of injection and production
rates. This demonstrates that a broader rate domain allows the
optimizer to explore more aggressive well-control strategies and
identify theoretical solutions with superior production perfor-
mance. These results confirm that the GPSNet-FC model remains
robust and computationally efficient even when the feasible range
is extended to include zero-rate conditions.

Table 6 presents a detailed comparison of the prediction and
optimization results shown in Fig. 26. The findings indicate a sig-
nificant increase in oil production following polymer injection.
Compared with Cartesian grid, the optimal injection and produc-
tion strategies determined by the GPSNet-FC model have similar
recovery rates and water cuts during displacement, but the
GPSNet-FC model achieves optimization in only one-fifth of the
time required by Cartesian grid, highlighting its capability to
enhance optimization efficiency. These results confirm that the
GPSNet-FC model provides a fast and reliable technical framework
for oilfield decision-making.

To assess the relative importance of varying water cost versus
polymer cost, we conducted a comparative test with two different
cost settings: Low water cost scenario: water injection cost of 6.18
USD/m? and water production cost of 4.63 USD/m?, polymer cost
of 2527.2 USD/t. High water cost scenario: water injection cost of
10 USD/m? and water production cost of 15 USD/m? (based on (Dai
et al.,, 2026)).

The optimization results of injection rate and polymer con-
centration under low and high water cost scenarios are shown in
Fig. 27. It can be observed that when the water cost is relatively
low, the optimization tends to select a lower polymer concentra-
tion and a higher injection rate to improve sweep efficiency. In
contrast, when the water cost is high, the optimization favors a
relatively higher polymer concentration with a lower injection
rate, indicating that the cost of water significantly influences the
optimization trend. The detailed economic cost and the corre-
sponding NPV values are presented in Fig. 27(e). Although the total
injected water volume decreases under the high water cost sce-
nario, the overall costs associated with water injection and pro-
duction increase substantially, while the polymer-related costs are
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nearly the same under both scenarios. Consequently, the NPV
declines markedly as the water cost increases, suggesting that the
optimization shifts toward a more cost-effective operational
strategy that minimizes water-handling expenses.

3.4. Example 4: application to an actual oil field block

In order to verify the practical application of the GPSNet-FC
model, we applied it to an actual field X. This field has four types
of sedimentary facies distribution which were identified and shown
in Fig. 28(a). The colors blue, green, yellow, and red represent four
sedimentary facies, with permeability ranges of 0-2000,
2000-4000, 4000-6000, and 6000-8000 mD, respectively. Sedi-
mentary facies boundaries are depicted by bright yellow curves.
This example was modeled using a two-dimensional flow network
because the reservoir exhibits limited vertical heterogeneity and is
dominated by lateral flow behavior. The average pay thickness is
approximately 10-15 m, and both injection and production wells are
completed over the same interval without zonal isolation. Conse-
quently, vertical permeability contrasts and cross-layer flow are
negligible, and a 2D representation adequately captures the domi-
nant areal sweep pattern. This simplification allows for efficient
history matching and production optimization without sacrificing
accuracy, which aligns with the intended application of GPSNet-FC
as a rapid, physics-based decision-support tool. The average
porosity of the field is 0.23, and the specific reservoir parameters are
listed in Table 7. The oil field has been in operation since the late
1990s, with a total of 57 wells, including 10 injection wells and 47
production wells. After years of waterflood development, the field's
water cut has exceeded 90%. The subsequent development plan for
injecting polymer solution needs to be optimized for reducing the
water cut. At the same time, to demonstrate the effect of integrating
depositional facies modeling within the GPSNet-FC framework, we

Table 8
History matching and prediction errors of several production wells for the GPSNet
and GPSNet-FC models in Example 4.

Error, % P-5 P-5 P-5 P-5 FOPT FWCT
GPSNet-HM 14.91 19.52 2146 30.84 0.01 0.23
GPSNet-FC -HM 8.91 19.69 18.01 12.77 0.01 0.20
GPSNet-prediction 45428 59.20 505.27 7541 13.78 133.16
GPSNet-FC-prediction  241.10 53.95 55.69 36.03 0.7 13.69

FWCT
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Time, d
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Fig. 31. History-matching and prediction performance of the field in Example 4 using the GPSNet and GPSNet-FC models. (a) History matching and prediction of FOPT. (b) History
matching and prediction of FWCT. For comparison, the results of both GPSNet and GPSNet-FC are presented together. In the history-matching stage, the results shown correspond
to the GPSNet-FC model, where the gray curves represent the prior ensemble, the blue curves represent the posterior ensemble, the green curve denotes the posterior mean, and
the red dots indicate the observed data. In the prediction stage, the blue curve represents the GPSNet results, while the orange curve represents the GPSNet-FC results.
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also constructed a GPSNet model for comparison. The difference matching. History matching is inherently non-unique, as different
between the two models lies not in the fitting accuracy during parameter combinations may yield similar fitting results. However,
history matching, but in the prediction accuracy after history parameter sets that deviate from the actual geological conditions
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Fig. 33. Field production optimization results. (a) FOPT optimization results. (b) FWCT optimization results. The black curve represents the water flooding prediction, the blue

curve represents the polymer flooding prediction, the blue curve represents the predicted results with a constant total polymer injection, uniformly injected, and the red dashed
curve illustrates the performance of this optimized schedule when implemented in the full-grid Eclipse model.
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often lead to poor predictive performance. By embedding sedi-
mentary facies constraints in both the prior model generation and
the history-matching process, we effectively reduce the non-
uniqueness of the history-matching solutions and improve the
predictive reliability of the model.

Therefore, we first used the initial 7020 days of production
history (out of a total of 8190 days) for history matching and
compared the prediction performance of the two models over the
remaining 1170 days. Subsequently, the entire 8190-day pro-
duction history was used for history matching and subsequent
production optimization. The optimized results were then
compared with the field strategy of constant total polymer in-
jection uniformly injected to verify the effectiveness of the pro-
posed model.

Firstly, the GPSNet and GPSNet-FC models were constructed
based on the actual well locations and perforation information
from the field. The well pattern and the initial permeability fields
of the two models are presented in Fig. 29(a) and (b). In these
figures, the initial permeability fields are overlaid on the deposi-
tional facies map to provide a clearer visualization of the perme-
ability distribution. In the GPSNet model, uniform permeability
values were assigned within each connection, whereas in the
GPSNet-FC model, permeability was assigned according to the
depositional facies distribution, consistent with Example 2. Both
models were then calibrated through history matching using the
oil production rate as the observation data, and four production
wells were selected for illustration. The prior permeability (in In)
of each facies was sampled within +0.4 mD around its initial
permeability, and the prior grid volumes were sampled within the
range of [0.5, 2] times their initial values. The single-well and field-
scale fitting and prediction results of the two models are shown in
Figs. 30 and 31, while the corresponding history-matching and
prediction errors are summarized in Table 8. In the figure, the gray
dashed line divides the time axis into the history-matching and
prediction stages. During the history-matching stage, the prior
ensemble is shown as gray curves, the posterior ensemble as blue
curves, the posterior mean as the green curve, and the actual field
observations as the red dots. In the prediction stage, the blue curve
represents the prediction from the optimal history-matched
model, while the red dots denote the measured field data. As
shown in Figs. 29 and 30 and Table 8, due to the strong data-
assimilation capability of the ESMDA algorithm, both models
achieve satisfactory fitting performance during the history-
matching stage. However, in the prediction stage, the GPSNet-FC
model exhibits more reliable and stable forecasting behavior.
The optimal posterior permeability fields obtained from the two
models are displayed in Fig. 29(c) and (d). Compared with GPSNet,
the permeability field estimated by GPSNet-FC shows stronger
consistency with the depositional facies distribution.

After re-matching the entire historical period (8190 days) using
the GPSNet-FC model, polymer flooding production optimization
was subsequently performed, and the history-matching process is
not shown here. In this optimization process, each time step cor-
responds to 180 days, and the optimization was performed 10
steps, totaling 5 years. The first 4 steps were focused on polymer
injection, while the remaining 6 steps were allocated to water
injection. The optimized production schedule is shown in Fig. 32.

The GPSNet-FC model is designed to replace the construction of
complex full-physics reservoir models. In this example, to evaluate
the optimization performance on a full-grid simulation, a corre-
sponding full-grid Eclipse model was also constructed, as shown in
Fig. 28(b). Fig. 33 presents the results of water flooding prediction,
polymer flooding with constant total polymer injection (uniformly
injected), and polymer flooding optimization using the GPSNet-FC
model. Similar to Example 3, the black curve represents the
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predicted results obtained by maintaining the last time step's
injection-production scheme from the history matching stage. The
blue curve represents the predicted results with a constant total
polymer injection, uniformly injected. The red curve represents
the optimized results for polymer flooding. Compared to the blue
curve, the red curve shows an 18.12% increase in cumulative oil
production. These results confirm that the GPSNet-FC model,
incorporating sedimentary facies, is capable of enhancing pro-
duction optimization in real-world oil field applications.

4. Conclusion

This study proposes a facies-constrained flow-network model
(GPSNet-FC) to address the computational inefficiency of high-
fidelity simulations and the geological inconsistency of tradi-
tional flow-network models in the CLRM of polymer flooding
reservoirs. The main contributions of this study are as follows: (1)
The developed methodology synergistically combines edge
detection techniques with level set functions to establish a novel
framework for sedimentary facies characterization. By integrating
facies-specific petrophysical properties during model initialization
and enforcing geological consistency through facies-constrained
history matching, the proposed GPSNet-FC demonstrates signifi-
cant improvements over conventional approaches. This geological
regularization strategy effectively mitigates solution non-
uniqueness while maintaining computational efficiency,
achieving enhanced predictive performance without compro-
mising history matching accuracy. (2) It establishes the application
of flow-network models for polymer flooding optimization
through two key advancements: development of a dimension-
reduced modeling framework that preserves essential geological
features through facies-constrained parameterization; successful
implementation of a closed-loop optimization workflow that
synergizes geological constraints with production dynamics.
Field-scale validation confirms the model's capability to deliver
economically optimized polymer injection strategies with
measurable improvements in both oil recovery and water cut
management.

As the first integration of sedimentary facies constraints in
flow-network modeling and the inaugural GPSNet adaptation for
polymer flooding optimization, this study establishes a new
paradigm for bridging geological characterization with rapid
reservoir management. The GPSNet-FC framework advances
simplified model development by maintaining geological fidelity
while enabling real-time decision-making capabilities, particu-
larly for complex enhanced oil recovery processes.

The current GPSNet-FC framework is implemented within a 2D
facies-constrained flow network that effectively captures lateral
heterogeneity and connectivity, but it does not explicitly model
vertical layering, inter-layer cross-flow, or depth-dependent (ver-
tical) variations in permeability, adsorption or sweep efficiency. In
applications where vertical flow or gravity/thermal segregation is
negligible (thin formations, dominantly lateral flow), this 2D
simplification is justified and enables rapid history-matching and
optimization. However, in reservoirs with significant vertical
heterogeneity, layering or gravity/thermal effects—such as those
encountered in thick steamflood formations-the model fidelity
may be compromised. Drawing from the workflow applied by
(Wang et al., 2022) in a steamflood sector model, which mapped
the flow network into 2-D x-z vertical slices to capture vertical
flow paths, we propose a layered or quasi-3D extension of GPSNet-
FC in future work whereby multiple horizontally-distributed flow
networks are stacked and coupled via interlayer transmissibility.
This enhanced version would capture vertical sweep, layer inter-
connectivity and vertical propagation of polymer/thermal fronts
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while retaining the computational efficiency advantages of a
network surrogate. The proposed GPSNet-FC workflow is inher-
ently extendable to three-dimensional (3D) flow networks, and
only minimal modifications are required to adapt the methodology
to 3D cases. The core structure of the workflow-comprising (1)
network construction, (2) facies identification and parameteriza-
tion, (3) data assimilation (history matching), and (4) production
optimization-remains unchanged. The key difference lies in how
geometric mapping, facies assignment, and inter-layer connec-
tivity are handled in a 3D framework.

Specifically, when impermeable interlayers exist in the reser-
voir, the modeling process can be extended to a multi-layer 3D
structure, where each layer is independently characterized by its
own sedimentary facies distribution and petrophysical parame-
ters. The inter-layer relationships are represented by vertical
connections through well grid cells, while lateral communication
between different layers is restricted, resulting in a layered 3D
flow-network model. Conversely, in the absence of interlayers,
vertical communication between layers can be established,
allowing inter-layer transmissibility to be considered during the
network construction. This flexibility ensures that the proposed
workflow can effectively represent both stratified and fully
communicating 3D reservoirs, maintaining geological realism
while preserving computational efficiency.

In addition, with respect to surrogate and hybrid modelling
approaches in reservoir management, models such as the Capac-
itance Resistance Model (CRM) and INSIM offer very fast runtimes
but sacrifice geological fidelity and are often limited to waterflood
or linear flow regimes. In comparison, GPSNet-FC combines the
computational advantage of reduced-order modelling with richer
geological structure (via facies constraints) and supports non-
linear EOR processes (e.g., polymer flooding). Therefore, it oc-
cupies a middle ground: more physically realistic and geologically
informed than CRM/INSIM, yet far less computationally
demanding than full 3D geocellular simulation.
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