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An efficient multiscale simulation
framework integrating dynamic
heterogeneity for accurate
waterflooding prediction

Li Wu¥2*, Junqiang Wang™*, Deli Jia*?, Jiqun Zhang?, Ruichao Zhang'-3, Yiqun Yan?,
YanfangYin* & Shuoliang Wang®>**

Waterflooding is crucial for China’s oil and gas industry, but it induces dynamic heterogeneity in
reservoir properties, which commercial simulators fail to model accurately. To address this, we
propose a multi-scale simulation method incorporating time-varying absolute permeability (k)

and relative permeability (k ) driven by surface flux. An improved multi-scale finite volume (IMsFV)
method solves pressure equations on multi-scale grids, enhancing computational efficiency. SPE10
benchmark validation shows 95.07% reduction in total simulation time and 98.19% in linear solver
time versus the fully implicit method, with errors <5%. Unlike commercial simulators neglecting
dynamic heterogeneity, this approach captures opposing mechanisms: dynamic k exacerbates water
channeling, reducing recovery, while dynamic k_enhances fluid mobility and reduces residual oil
saturation. Crucially, dynamic k s positive effect dominates during high water-cut stages, ultimately
improving recovery. Sensitivity analysis confirms: (1) Dynamic heterogeneity primarily benefits
mid-high water-cut stages, reducing water cut and increasing oil production; (2) At 99% water cut, it
enhances recovery by 28.88-32.87% across permeabilities (400-2000 md), with greater gains in higher-
permeability reservoirs; (3) Under increasing injection rates (50 — 200 m3/day), recovery gains amplify
from 18.07 to 45.49%. This approach provides an efficient, accurate tool for predicting remaining oil in
high-water-cut reservoirs.

In China, waterflooded oil fields constitute approximately 70% of both reserves and production, remaining
the predominant development targets'. However, many of these fields have entered the high-water-cut stage,
exhibiting high natural decline rates. Despite substantial cumulative production, the remaining oil saturation
still exceeds residual oil saturation, with nearly two-thirds of the original oil in place (OOIP) remaining
unrecovered. Consequently, accurately predicting the quantity and distribution of remaining oil is crucial for
enhancing recovery efficiency during the late development phase>.Numerical simulation represents the most
effective technique for characterizing the remaining oil distribution. Yet, during the high-water-cut stage,
conventional methods face significant challenges in achieving precise modeling due to computational limitations
and methodological constraints. These challenges stem primarily from two factors: (1) Significant reservoir
heterogeneity, compounded by dynamic alterations in properties (e.g., permeability) induced by prolonged
water injection, leads to increasingly complex flow fields; the continuous evolution of reservoir properties and
fluid flow further complicates accurate simulation as development progresses. (2) The highly dispersed nature
of remaining oil and complex flow regimes during late-stage waterflooding necessitates fine grid discretization
for accurate simulation, imposing substantial demands on computational resources and time. Conventional
simulation approaches struggle to address these challenges effectively, highlighting the urgent need for efficient
techniques capable of capturing dynamic parameter variations.

Reservoir heterogeneity is paramount for understanding and improving oil recovery, particularly in late
development. Prolonged water injection induces dynamic heterogeneity>!, characterized by time-varying
permeability and flow capacity, which significantly impacts production performance and development
efficiency>®. While reservoir heterogeneity research originated in the 1970s-1980s and has matured theoretically
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and technologically, existing studies predominantly focus on static spatial variations of reservoir parameters’~,
By definition, however, heterogeneity inherently encompasses spatiotemporal variations'?. Its study, therefore,
necessitates simultaneous consideration of both the spatial distribution and temporal evolution of reservoir
parameters. Furthermore, researchers have proposed flow-based heterogeneity metrics (e.g., Lorenz coefficient,
flow capacity, sweep efficiency) evaluated over the entire production cycle!!%. Fundamentally, these assessment
indices rely on statistical analysis of post-simulation or flow diagnostic data®>.

Conventional numerical simulation commonly employs variations in macroscopic parameters like
permeability, porosity, and k_curves to represent heterogeneous changes in reservoir properties. Traditional
approaches account for permeability and porosity heterogeneity solely in the spatial dimension via grid
cell assignments. Additionally, k. curves are treated as static functions dependent only on water saturation.
Within the classic black-oil model, k is assumed constant, and k,_ is determined using initial curves. However,
extensive laboratory experiments, pore-scale simulations, and seepage mechanics studies have consistently
demonstrated'®!. That permeability and oil-water k_undergo dynamic changes during waterflooding, driven
by factors including alterations in pore microstructure, fluid—fluid interactions, and displacement conditions.
Crucially, the significant influence of flow velocity on k_cannot be neglected. Therefore, conventional methods
for setting k_ curves fail to capture the dynamic flow characteristics of reservoirs adequately.

Traditional simulators generally neglect such dynamic changes, leading to inaccurate history matching in late
development stages. Mainstream commercial simulators (e.g., PetrelRE, Intersect, CMG, tNavigator) typically
treat reservoir properties as constant, overlooking the temporal variability of key parameters like k and k. k_
is modeled solely as a function of water saturation, ignoring dynamic changes induced by factors such as flow
velocity'®. Some methods (e.g., tNavigator’s waterflooding multiplier representing reservoir scouring intensity)
attempt to simulate time-variant parameters (e.g., permeability, transmissibility, k. curves) by recalculating
properties and adjusting grid conductivities after each timestep. However, such approaches, which externalize
physical mechanisms and rely on multipliers to represent temporal variations, yield results sensitive to the
grid discretization and often suffer from model instability and convergence issues'®1”.Scholars have developed
diverse flux-based indices to quantify water-scouring effects during reservoir waterflooding—including Xu et al’s
injected-water-to-pore-volume ratio!8, Jiang et al’s surface flux'®, Sun et al’s pore cross-sectional area flux?°, Lin
et al’s effective displacement flux?!, Zhou et al’s effective water flux??,, and Wang et al’s ACE-algorithm-derived
k_endpoint model**—and subsequently embedded these metrics into numerical simulators through surface-
flux-coupled property evolution frameworks'®, pore-flux-integrated black oil models?, core-to-field conversion
systems with dynamic kr24, displacement-flux-based mechanistic models?!, cumulative-flux formulations, and
effective-water-flux-enabled time-variation simulators, with Xu et al®®. and Wang et al?. pioneering solver-
enhanced implementations: Xu's mimetic finite difference (MFD) discretization?” for permeability-degradation
models and Wang’s MFD-based dual-dynamic coupling integrating competing k-k_effects™. However, critical
limitations persist: widely adopted metrics like flushing multiples exhibit pronounced grid-size sensitivity while
advanced algorithms (e.g., surface flux coupling) remain excluded from commercial platforms, and external code
modifications suffer from narrow applicability, poor interactivity, and computational inefficiency. Consequently,
achieving stable, accurate predictions of waterflood-induced reservoir alterations necessitates next-generation
simulators featuring intrinsic integration of dynamic parameter physics with enhanced numerical solvers for
grid-independent solutions.

Incorporating dynamic heterogeneity substantially increases simulation complexity?®, particularly when fine
grid discretization is required to resolve these variations?”?%. Practical reservoir simulation faces a dilemma:
overly coarse grids fail to represent dynamic changes accurately, while finer discretization leads to exponentially
growing computational loads, often causing convergence difficulties and reduced efficiency. Consequently, even
advanced simulators achieving higher accuracy often compromise computational efficiency. Moreover, although
recent studies incorporate parameter time-dependency to some extent, they predominantly rely on conventional
fully implicit or semi-implicit solvers, limiting solution efficiency and often struggling with convergence.

krThis study proposes a novel multiscale simulation approach incorporating dynamic heterogeneity, defined
by the spatiotemporal variations in reservoir properties and fluid flow capacity. By integrating time-varying k
and k, the method enhances simulation efficiency and accuracy. A multiscale grid system and the Improved
Multiscale Finite Volume (IMsFV) method are employed to solve the pressure equation, effectively reducing
computational errors and accelerating simulations. Results demonstrate that the proposed method significantly
improves computational efficiency without sacrificing accuracy, providing a robust tool for predicting remaining
oil in high-water-cut reservoirs. This approach not only addresses dynamic heterogeneity but also offers an
efficient solution for waterflooding simulation under complex reservoir conditions.

Methods

This study presents a multi-scale reservoir simulation method that incorporates the dynamic heterogeneity of
waterflooded oil reservoirs. The research is based on the three-dimensional two-phase numerical simulation
model of the MATLAB Reservoir Simulation Toolbox (MRST 2022b)*. Permeability and k_curves are used
to quantitatively characterize reservoir dynamic heterogeneity influenced by changes in surface flux, and the
oil-water two-phase black oil model is subsequently modified. The model is then decoupled into pressure and
transport equations using a sequential solution approach. The pressure equation is solved iteratively using the
IMsFV method with prolongation and restriction operators, while the transport equations are solved through
flux reconstruction. The technical approach and methodology are illustrated in Fig. 1.

Numerical simulation incorporating the dynamic heterogeneity
For immiscible two-phase flow (oil and water) in heterogeneous porous media, and assuming incompressible
fluids and rocks, the conservation equations can be written as follows:
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Fig. 1. Flow chart of the technology roadmap.
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where, ¢ is the porosity of the porous medium, s, ba is the saturation and the inverse formation value factor of
phase a, ¢, is the injection or production rate per unit volume, respectively.
The phase velocities 7, are described by Darcy’s law:

_ krak
Vo = ———(Vpa — pagVz) )

(e3

where Lo, Da> pasis the viscosity, the pressure, the density of phase «, g is the gravity acceleration, z is the
vertical depth, respectively.

The variations in permeability and k are primarily governed by the scouring intensity of injected water. To
address the grid dependency associated with water injection multiples, this study employs the surface flux (F)
proposed by Jiang et al.'® for characterizing dynamic heterogeneity. Surface flux (F) is defined as the cumulative
volume of the water phase passing through a unit area, expressed as:

F:§ (3)

In the formula, F represents surface flux, Q is the total volume of water that has passed through the core, and S
is the cross-sectional area of the core.

In flow field characterization, this parameter quantifies the cumulative effect of continuous scouring and
erosion by the water phase (or oil phase) on the rock, providing a superior representation of cumulative scouring
intensity. Zhang et al.** demonstrated that grid size significantly impacts the calculated displacement multiple
value but has minimal impact on the magnitude of the surface flux. Hence, surface flux was selected as the
primary parameter for characterizing the reservoir flow field.

For any three-dimensional spatial grid, fluid flow occurs in the x-, y-, and z- directions, with fluid influx or
efflux taking place on all faces.
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The total surface flux through a grid is equal to the sum of the surface fluxes of water flowing out in the x-, y-,
and z- directions.

e, e

F =
‘"~ D,D. ' D,D. ' D.D,

(5)

In the formula, Q., Qy, and @ represent the cumulative volume of water flowing out in the three directions,
D., Dy, and D, represent the grid step sizes in the three directions.

This study utilizes the variations of k and k_curves with surface flux to quantitatively characterize reservoir
dynamic heterogeneity. To quantify permeability evolution, waterflooding scouring experiments were conducted
on medium-high permeability core samples, yielding the relationship between permeability variation and surface
flux (see Fig. 2). The results demonstrate that core permeability increases progressively with rising surface flux,
albeit at a decelerating rate. This trend aligns well with extensive core data and experimental findings reported
by previous researchers®!*?%: In high-permeability reservoirs subjected to long-term waterflooding scouring,
formation fines and clay minerals are partially produced with fluids, leading to increased permeability; during
the late stages, the quantity of readily detachable fines diminishes, pore structures stabilize, and permeability
changes gradually moderate. Conversely, in medium-low permeability reservoirs, deeper waterflooding
development tends to cause formation fines to block small pore throats, resulting in decreased permeability.
Liu et al.*! through statistical analysis of permeability change data from numerous high-rate waterflooding
experiments on sandstone cores, established an approximate permeability threshold of 300 mD (millidarcies)
delineating the boundary between permeability increase and decrease with cumulative water throughput. The
resultant trend reveals the relationship:

U), = 0.6271In F + 1.0593 (6)

Demonstrating enhanced permeability with increasing face flux, validating the method’s physical consistency.
Where U}, denotes the permeability change factor.

To numerically implement the permeability evolution model based on the correlation between effective
displacement flux (F) and permeability multipliers, after calculating saturation and F values at every timestep,
the grid transmissibility is recomputed using:

T= f(F7 Kbase) (7)

where Kjqse denotes initial permeability.
Then the updated transmissibility values propagate to subsequent timesteps, enabling continuous parameter
evolution. The black-oil model is fundamentally enhanced by replacing static permeability with a flux-dependent
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Fig. 2. Permeability versus surface flux relationship.
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K(t) = Ko - Uy, (8)

where Ko and K (t) represent the permeability of different times.

Beyond permeability changes, water injection scouring also induces variations in the k_of oil and water
phases. Following the experimental procedures established by Wang et al.!%, and Fu et al.¥, the relationship
between k, curves and surface flux was measured for medium-high permeability reservoir core samples (Fig. 3).
The results reveal that with increasing surface flux, irreducible water saturation increases, residual oil saturation
decreases, and the water phase permeability at residual oil saturation decreases.

Within the numerical simulations, based on experimentally measured k, curves and constrained by surface
flux (F), the corresponding grid block automatically invokes different k_curves when the surface flux reaches
specific values®. Specifically, for F<1.5, the k_curve corresponding to F=1.5 is employed, for F>7.5, the k_
curve corresponding to F=7.5 is employed, for 1.5<F<7.5, a new kr curve is determined at each saturation
point using a weighted average of the two bounding curves (F=1.5 and F=7.5).

The modified Darcy’s law incorporating flux-dependent k becomes:

kra (F)E(F)

Fa(F) = ==

(Vpa — pagVz) 9

The auxiliary equations, initial conditions, internal boundary conditions, and external boundary conditions of
the new model are the same as those of the traditional black oil model.

Compared to the conventional black-oil model, the novel simulation equations compute, for each timestep
and based on the pressure and saturation fields within each grid cell, the water phase flow rate and directional
surface flux in every direction along with the total surface flux; subsequently update the permeability and
transmissibility fields according to the established permeability evolution relationship with directional surface
flux; and select or compute the k  curve employed for each cell based on its total surface flux value. However, this
process incurs substantial computational overhead, making the development of more efficient solution methods
imperative.

Multi-scale solution methods

Existing commercial numerical simulators predominantly use fully implicit discretization methods to convert
nonlinear systems into linearized systems, which are then solved using Jacobi or Gauss-Seidel iterative methods.
Although this method is stable, has weak constraints on time step sizes, and is suitable for solving strongly
nonlinear problems, it requires solving a large-scale Jacobian linear algebraic equation system. Moreover,
incorporating dynamic heterogeneity substantially increases the complexity of numerical simulations, requiring
even higher efficiency for iterative solutions. To achieve higher computational efficiency, Gries et al. proposed
replacing direct solvers with iterative solvers using constrained pressure residual preconditioners*!. However,
Cusini et al. have demonstrated that this method is less effective>3. Therefore, after establishing the oil-water
two-phase numerical simulation equations that account for dynamic heterogeneity, improving the iterative
solution methods and enhancing solution efficiency remain key challenges. This paper adopts a sequential
solution method, decomposing the black oil Egs. (1)-(2) into pressure and transport equations, and fully
leverages the parallel advantages of the multi-scale finite volume method. It employs an improved multi-scale
method to solve the pressure equation, thereby enhancing model stability and solution efficiency.
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Fig. 3. K, Curves versus surface flux.
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A sequential solution strategy was employed in the MSFV method, with several such methods available in the
literature. These methods vary in terms of primary unknowns, operations, linearization, temporal and spatial
discretization, and the sequence in which these operations are applied to derive a set of discrete equations. A
classic method is the Implicit Pressure/Explicit Saturation (IMPES) method, which, however, is less effective
when solving strongly nonlinear problems. This paper adopts the SFI method proposed by Jenny and De Baun
et al.’7"* which decomposes the material balance equation of reservoir fluids into a pressure sub-problem and
a transport sub-problem.

In the Sequential Splitting algorithm, each time step is handled by an outer loop that solves the coupled flow
and transport problem, and an inner (nonlinear) Newton loop that solves the implicit transport problem given
an updated flow field. Figure 4 specifically contrasts the differences between this sequential solution and the fully
implicit solution. The FI method in Fig. 4a linearizes and solves all solution variables simultaneously, while the
Sequential Splitting method in Fig. 4b decomposes the reservoir dynamics problem at each time step into two
sub-problems: one for reservoir pressure and the other for the transport of reservoir fluids.

The pressure sub-problem can be written as the residual pressure equation as follows:

QE = [Rszq,a’RC]T =0 (10)

Using phase pressure p. as the primary variable, the Newton-Raphson method is employed to solve for the
unknown state quantities £ = [pa, g5, pbh]T in the pressure equation.
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Fig. 4. Solution workflow: fully implicit (FI) vs. splitting scheme (SS) for black-oil systems*’.
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The pressure equation, which does not depend on saturation and is derived under the condition of satisfaction,
is formulated for the oil-water two-phase system.

RUJ RO
Rp = b+ 7b2+1

=0 (11)

The well model R4, follows the Peaceman model*!' and can be written as follows:

(Raa)uw = (¢2)w — Y baldg,lc) =0 1)

ceCy

Rc represents the well control equation.
(Re)y, = Pohw — Conwor (Re),, = qw — Cow (13)

To derive the transport equations for updating saturation, it is assumed that the pressure state variables, which
satisfy the convergence conditions, have already been obtained. Additionally, the relationship between the total
flux 7 and the phase flux 7 is governed by the following equation:

P=) Fa (14)

Based on these state variables, the total flux is calculated by summing Darcy’s law for each phase using the
pressure equation in Eq. (10) and substituting it into Eq. (15) to determine the phase velocity in the conservation
equation.

U = fa(ﬁ—i—kZ)\,,(Angz—&—VPC)) (15)

where f, is the partial flow coefficient.

The phase velocity from Eq. (15) is substituted into Eq. (1), thereby solving the saturation of the different
phases. In the case of the oil-water two-phase black-oil model, the saturation of the oil and water phases must
satisfy the condition that their sum equals one. Therefore, it is only necessary to solve for the oil saturation. Let,

5= [s0]" (16)

where § represents the column vector composed of the primary variables of the transport equation.

In the pressure subproblem, the fluid pressure equation is solved to balance the total volume of fluid in
each cell with the pore volume at the end of each time step. In the transport subproblem, the material balance
equation for each fluid in the reservoir is solved on a cell-by-cell basis, where pressure, the total volume of fluid
in each cell, and the total volumetric fluxes between cells are held fixed over a time step. After completing the
transport nonlinear iteration, it is checked whether the pressure and transport solution variables are sufficiently
consistent, and the process can either proceed to the next time step or repeat the pressure and transport steps.

Based on the above iterative solution process, pressure and saturation at each time step are obtained. In
this calculation process, pressure is computed by solving the system of discrete equations using the Newton-
Raphson method, with the computational cost primarily arising from the construction of the Jacobian matrix
and the iterative update of variable increments. Flux calculation is another highly parallelizable operation.
The pressure solution typically (if not always) contributes the most to the total computation time; therefore,
significant implementation work focuses on optimizing its efficiency.

IMSFV method for flow

Common iterative methods (such as Jacobi and Gauss-Seidel) are used for solving systems of equations on
a fixed grid. These methods can quickly eliminate high-frequency errors in the grid but are less effective at
removing low-frequency errors, leading to slow convergence. To reduce computational costs, this paper employs
an improved multi-scale solution method to solve the pressure equation and incorporates iterative strategies into
the solution process®>4042,

The core idea of the multi-scale method is to leverage the coarse grid’s ability to reduce the difficulty of
converging low-frequency errors and its faster solution speed. It iteratively solves the pressure on the coarse grid
and, through grid refinement, extends the pressure solution to the fine scale, thereby increasing the convergence
speed of the iterative algorithm and reducing the number of iterations. As a preprocessing step, the multi-scale
solution method requires two sets of grids: a fine grid {Qir }: | based on the static properties of the reservoir,
and a coarse grid {Q25}7, formed by dividing the original fine-scale grid into non-overlapping coarse blocks,
see Fig. 5. The coarse grid is essentially a collection of fine grids, with each fine grid assigned to one coarse grid.
This paper follows the approach outlined by Mayner et al. to establish the grids**. This fine-coarse multi-scale
grid is suitable not only for structured grids but also for unstructured grids, making it appropriate for reservoir
simulations that account for various geological structures.

In this paper, the coupling between coarse and fine grids is based on the concept of algebraic multigrid, where
the interaction between grids is achieved through changes in matrix dimensions.
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Fig. 5. Grid discretization schematic: fine-scale (left) vs. coarse-scale partitioning (right).

The primary objective of solving the pressure equation is to determine the pressure increment. To develop a
multi-scale solution method for pressure, we first redefine the pressure equation.

JAp=r (17)

Since Eq. (17) may involve large coeflicient variations and strong coupling between adjacent cells, we aim to
avoid solving it directly. Instead, we approximate the pressure through a multi-scale expansion, which allows us
to efficiently solve it on a coarser grid system.

Assuming the existence of a restriction operator R and a prolongation operator P which establish
transformations from the coarse scale to the fine scale and vice versa, we first establish the relationship between
the fine-scale pressure increment approximation py and the coarse-scale pressure increment p. using the
prolongation operator P.

Ap = Apy = PAp, (18)

Next, Eq. (18) is substituted into Eq. (17) and both sides are multiplied on the left by the restriction matrix R,
transforming the problem of solving the fine-scale pressure increment into solving the coarse-scale pressure
increment.

(RJP)Ap. = J.Ap. = Rr =r. (19)

The construction of the prolongation operator P and the restriction operator R is central to implementing the
multi-scale solution. This paper follows the approach of Jenny et al.” in constructing the restriction operator R
using the control volume method.

1, ifzed
(Rev)j; = { 0, otherwise (20)

The standard method for constructing prolongation operators P involves sequentially solving a series of local
flow problems, all of which are computed numerically**-*°. For example, in the traditional MSFV method, a
dual grid is constructed for the coarse-scale grid, and a series of local flow problems are solved to build the
prolongation operator. This method involves complex grid construction, requiring fine, coarse, and dual grids,
which also pose storage challenges. Furthermore, this method relies on solving local flow equations to construct
the prolongation operator, and the process of constructing basis functions is caumbersome, hindering the creation
of high-quality basis functions on unstructured grids.

Unlike the classical MSFV method, this paper adopts the approach of Mgyner and Lie*>*/, using an iterative
format instead of local flows, and constructs the prolongation operator P based on Restricted-Smoothed Basis
Functions. The construction of both the grid and operator is simplified, avoiding the complex setup required
for flow problems constrained by different boundary conditions. It is assumed that the iteration matrix has the
property of zero row sums, and that the initial prolongation operator has row sums equal to one. Therefore,

46,47

J= %{J +J7 — diag(J + J7)1]} -

where 1 represents a column vector with elements of 1, and diag is an operator that extends a vector into a
diagonal matrix of the same size.

Given the initial condition, the initial basis functions for the coarse grid are set to constant values within the
grid and zero elsewhere. That is P° = R”, given a suitable matrix J, the prolongation operator can be updated
through the following iterative process.
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P = P" — M(wD;'JP") (22)

where D is the smoother constructed as a diagonal matrix, consists of the diagonal elements of matrix J. The
smoother is used to find the increment and progressively smooth it. M is a restrictor confines the smoothing of
the basis functions within a support region centered on the coarse-scale grid and bounded by the centers of the
eight surrounding grid points, thereby ensuring the accuracy of the prolongation.

The convergence criterion for Eq. (22) is governed by two key parameters: the maximum iteration count and
the residual threshold. The maximum iteration count is defined as:

1
/
tmax = 90 - (nif) d (23)

Te

where, ny and n. represent the total number of fine-grid and coarse-grid cells, respectively, and d denotes the
geometric dimension of the computational domain (d =2 for 2D, d =3 for 3D). This formula dynamically adjusts
the maximum iteration count using the geometric mean of the ratio of fine-grid to coarse-grid cells, enabling
adaptation to problems of varying scale. At higher coarsening ratios, the iteration count increases accordingly,
ensuring convergence. Simultaneously, the termination criterion for the iterative process includes a residual
threshold of 0.005.

After obtaining the restriction operator R and the prolongation operator P, the multi-scale pressure
solution process is established. Since the pressure calculated by the above multi-scale method is usually only
an approximation of the fine-scale pressure, this study adopts the method of Wang et al.*® and incorporates
an ILU(0) smoother to iteratively correct and eliminate the approximation error in the multi-scale pressure
solution. We write the defect as:

r™ = JAp™ (24)
Assuming
s =U"NL7d™) (25)
And represents the result of applying ILU(0) to the defect, with the initial guess being zero.
Ap™t = Ap™ + PlJ'R(r™ — Js™)] 4+ 5™ (26)

Therefore, using Eq. (26), only a few multi-scale iterations are applied in each nonlinear iteration step to update
the fine-scale pressure increment, without the need to solve the linearized system using the Newton-Raphson
method. Once the pressure change satisfies the convergence criteria, the multi-scale solution of the pressure

equation is complete, and the flux on the fine-scale grid is reconstructed based on the approximate pressure.
Furthermore, while the multi-scale finite volume method ensures conservation on the coarse-scale grid, mass
conservation on the fine-scale grid is challenging to achieve under the approximate pressure field. Therefore,
following the method of Olav Mayne®, corrections are applied to the flux depending on whether the fine-scale
grids connected by grid faces are boundary grids or internal grids of the coarse grid. The correction procedure

is outlined as follows:
o[f] = { v(em—1, VD, 0n), if BC1(f)] = B[Ca(f)] 27)

V(Em*h prm 6’”«)7 ZfB[Ol (f)] # B[C2(f)}

where frepresents a grid face, CI and C2 represent the grids connected by that grid face, and B determines which
coarse grid the grid belongs to.

Once the flux field correction is completed, the transport equation can then be solved within the sequential
solution process. To solve the transport equation efficiently, the domain decomposition method proposed by
Kozlova et al.* can be referenced.

Results and discussion
Building on the methodology outlined in “Methods” section, a multi-scale numerical simulator incorporating
dynamic heterogeneity is developed using MRST (2022b).

Validation of multiscale method

The computational accuracy and efficiency of nonlinear pressure equations are evaluated using the SPE10
reservoir benchmark, comparing results obtained from the Multi-scale Method (MS), traditional fine-scale fully
implicit method (FI), and the commercial simulator (tNavigator).

The SPE10 reservoir benchmark, introduced in 2000, is the second dataset of the Society of Petroleum
Engineers’ (SPE) tenth benchmark problem. It models oil production through water injection in a cuboid
domain. The domain is initially fully saturated with oil. Water is injected at a constant rate through a central
vertical well, while oil is extracted via four vertical production wells located at the corners, driven by pressure-
induced flow. The domain exhibits extreme heterogeneity in permeability, spanning eight orders of magnitude
(Fig. 6). Similarly, porosity varies across four orders of magnitude, with some areas even reaching zero. These
characteristics make the problem highly ill-conditioned and more challenging to solve than scenarios based on
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Fig. 7. 3D pressure field comparisons: FI, MS, and tNavigator solvers (SPE10 benchmark).

real reservoir data. The model consists of 70,125 active grid cells. In the multi-scale solver, the fine-scale grid
with dimensions 15 x 55 x 85 is uniformly coarsened to a coarse grid of size 5x 11 x17.

The distribution of pressure fields at a simulation time of 5 years is shown in Fig. 7a-c, corresponding to the
results obtained using the MS method, the FI method, and the tNavigator, respectively. The pressure field maps
from all three approaches exhibit strong agreement, with the results from the MS method closely matching those
produced by both the FI method and the commercial simulator. This confirms the computational reliability of
the multi-scale approach for solving the nonlinear pressure equation.

The potential errors of the multi-scale pressure solution method developed in this study are quantitatively
assessed by plotting the relative error distributions in comparison with both the FI method and tNavigator, as
shown in Fig. 8. The results indicate that, regardless of the comparison method, the relative error values of the
developed MS method remain minimal. This finding further confirms the reliability of the computational results
produced by the method.

In addition to field maps, production curves for each well were compared across the three methods. Figure 9a-
d illustrate the the cumulative oil production curves for production wells P1, P2, P3, and P4, respectively. The
results show that the curves for wells from all three methods closely overlap, indicating strong agreement. This
further validates the reliability of the proposed MS method.

Additionally, the relative errors between the daily oil production rates at each time step for the production
wells, calculated using the MS method presented in this paper, are quantified and compared with those obtained
from the commercial simulator and the FI method. Figure 10 shows that the relative errors for the method
developed in this study fluctuate significantly during the initial iterations but stabilize over time. Overall, the
error values between the proposed method and the two existing methods remain within 5%.

This section uses the SPE10 model to evaluate the efficiency of the MS method in solving the nonlinear
pressure equation. Figure 11a,b compare the linear solution time and total time per time step for the FI method
and the MS method, respectively. Two key observations can be mad: First, the FI method spends most of its
total time on the linear solution at each iterative time step, indicating the need for a more efficient approach.
Second, with the proposed MS method, both the linear solution time and total time decrease exponentially,
demonstrating its high computational efficiency. Furthermore, compared to earlier verification results from
the EGG model®, the efficiency improvement is even more significant in the SPE10 model. This is due to the
stronger heterogeneity and larger grid size in the SPE10 model, which enhance the benefits of the multi-scale
method in more complex reservoirs.

Table 1 compares the total computation time and linear solver time between the FI and the MS method for
the SPE10 model implemented in MRST. The results demonstrate that the MS method significantly enhances
computational efficiency: the total simulation time is reduced from 247.04 min (FI) to 12.17 min (MS), achieving
a 95.07% reduction, while the linear solver time decreases from 243.33 to 4.39 min, corresponding to a 98.19%
improvement. This comparison highlights the advantages of the MS method in lowering computational costs,
particularly in optimizing linear solver performance. The data suggest that the MS method provides an efficient
solution framework for large-scale reservoir numerical simulations.
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Time (min) FI MS | Reduction (%)
Total Simulation time | 247.04 | 12.17 | 95.07
Total linear solver time | 243.33 | 4.39 | 98.19

Table 1. Computational efficiency comparison: FI versus MS methods for SPE10 benchmark case (MRST).

Cases and findings of multi-scale dynamic simulator
After validating the accuracy and effectiveness of the proposed multi-scale method, the dynamic multi-scale
simulator, which incorporates dynamic heterogeneity, was used to study the impact of dynamic heterogeneity on
waterflooding. In the base case, a heterogeneous one-quarter Five-Spot problem was modeled in a 3D reservoir,
with the producer and injector placed at opposite diagonal corners. The model dimensions were 250 x 250 m,
with a fine-scale grid of 50 x 50 x 9, which was uniformly coarsened to a 10 x 10 x 3 coarse-scale grid, resulting in
an upscaling factor of 5x 3. Additional reservoir parameters are provided in Table 1 (Table 2).

This paper characterizes dynamic heterogeneity by examining the temporal changes in k and k, with
reference to the dynamic variation patterns of these properties shown in Figs. 2 and 3 above.k . To investigate
how these dynamic changes influence oil-water displacement, residual oil distribution, and waterflooding
efficiency, a homogeneous model was initially used. Four scenarios, outlined in Table 3, were set up for typical
model simulations. In each scenario, the reservoir is initially saturated with oil, with injection occurring from
the lower-left corner and production from the upper-right corner. The water injection rate is maintained at a
constant 100 cubic meters per day, with reservoir fluid produced at the same rate under the given conditions.
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Table 2. Model parameters summary.

Case |k k

T

Case 1 | Static Static

Case 2 | Dynamic | Static

Case 3 | Static Dynamic

Case 4 | Dynamic | Dynamic

Table 3. Typical case schemes for homogeneous model.
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Fig. 12. Multiscale solution: bottom-hole pressure evolution in injector-producer well pairs.

The impact of dynamic heterogeneity on pressure was quantified by analyzing the bottom hole pressure
(BHP) curves for injection and production wells across different cases. Figure 12a shows that incorporating
dynamic heterogeneity leads to a more pronounced decline in BHP in the injection well. During the early stages
of waterflooding (before water breakthrough (WBT)), dynamic changes in k and k result in relatively small
differences in pressure decline. However, when both dynamic changes are considered together, the pressure
decline is more significant. In the mid-to-late stages (after WBT), the influence of dynamic changes in k on BHP
in the injection well diminishes, while the influence of dynamic changes in k_becomes more pronounced.

Additionally, when both factors are simultaneously accounted for, a degree of counteraction occurs, resulting
in aless pronounced BHP decline than when only the dynamic changes in k, are considered. Figure 12b illustrates
that incorporating dynamic heterogeneity reduces the decline in oil well pressure before WBT. The sharp pressure
drop at the moment of WBT is mitigated, particularly when dynamic changes in k, are included. In this case,
the rapid rise following the steep pressure drop is significantly weakened, leading to a more monotonic decrease
in BHP at the production wells. As development progresses, the influence of dynamic changes in k on BHP in
the production wells diminishes, while the effect of dynamic changes in k_becomes more pronounced. When
dynamic changes in k_are included, a distinct pressure funnel forms near the production wells.

The saturation field distribution results for Cases 1 to 4 at various times (t=3 months, 1 year, time of WBT,
1 year after WBT, and 6 years) were calculated separately, as shown in Fig. 13, with consistent color scale limits
applied. The results in Fig. 13 highlight differences in the saturation distribution among the four scenarios. In the
homogeneous model without dynamic heterogeneity (Fig. 13a), waterflooding progresses relatively uniformly.
However, when dynamic changes in k are considered (Fig. 13b), the trend of the oil saturation field remains
similar, but the displacement range decreases, and more residual oil accumulates near the boundary at the time
of WBT.

Incorporating dynamic changes in k_ (Fig. 13c) alters the shape of the water saturation front and enhances the
flow dynamics near the wellbore, leading to a wellbore aggregation effect. Prior to WBT, the impact of dynamic
heterogeneity is most noticeable near the injection well, where water saturation values are higher when dynamic
k_ is considered. At the time of WBT, the waterflooding front, influenced by dynamic k, shows a sharper angle
along the diagonal between the injection and production wells, thereby expanding the area unaffected by water
injection. After WBT and during the ultra-high water-cut period, the wellbore aggregation effect intensifies,
resulting in higher water saturation and steeper gradients near both the injection and production wells. In
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Fig. 13. Multiscale solution of oil saturation at different times for homogeneous cases.

the region between the wells, water saturation remains lower than near the wellbore ends, creating a “funnel”
pattern in the water saturation profile, similar to the observed pressure profile. When both dynamic changes
are considered simultaneously (Fig. 13d), the displacement becomes more heterogeneous, with a smaller area
affected by water injection. As a result, more residual oil accumulates near the boundaries, both at the time of
WBT and during the ultra-high water-cut stage.

To compare the numerical simulator developed in this study, which accounts for dynamic heterogeneity,
with conventional numerical simulators that consider only static heterogeneity, the Monte Carlo method was
applied to randomly generate models exhibiting spatial heterogeneity in porosity and permeability. Based on the
heterogeneous model, numerical experiments were conducted using the four schemes shown in Table 2 again.
To distinguish these from the aforementioned homogeneous models, these cases were named as Cases 5 to 8. The
saturation field distribution results for Cases 5 to 8 at the same timesteps were calculated separately, as shown in
Fig. 14, with consistent color scale limits applied.

In the model without dynamic changes in spatial property heterogeneity (Fig. 14a), which represents the
static spatial heterogeneity model commonly used in commercial simulators, a serrated pattern is observed
at the waterflooding front. However, the overall non-uniform advancement of saturation is not significant.
When dynamic changes in k are considered (Fig. 14b), the distribution trend of the oil saturation field remains
similar, but the accumulation of residual oil near the boundary becomes more pronounced. In cases where
dynamic changes in k, are considered (Fig. 14c), the shape of the water saturation front changes, the flooded
area decreases further, and a more noticeable non-uniform fingering phenomenon appears between the
injection and production wells. Water saturation in the injection and production wells is lower than near the
wellbore, creating a “funnel” shape in the saturation profile, similar to the pressure profile. When both dynamic
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Fig. 14. Multiscale solution of oil saturation at different times for heterogeneous media.

heterogeneity factors are accounted for (Fig. 14d), the displacement becomes more heterogeneous, the area
influenced by water injection shrinks, and the “funnel” shape in the water saturation profile forms earlier. More
residual oil accumulates near the boundaries at both the time of WBT and during the ultrahigh water-cut period.
A comparison between the saturation fields in Fig. 14a, d clearly demonstrates that the influence of dynamic
heterogeneity on waterflooding development cannot be overlooked. The remaining oil distribution predicted by
conventional commercial simulators, which consider only spatial static heterogeneity, may significantly diverge
from actual conditions. This discrepancy becomes especially pronounced during the high water-cut period,
where the difference between simulated and actual conditions increases after extended waterflooding.

To further quantify the impact of dynamic heterogeneity on waterflooding development, cumulative oil
production and water cut curves in Cases 5-8 were compared, as shown in Fig. 15. The results reveal that,
compared to the scenario without dynamic heterogeneity, accounting for dynamic changes in k leads to a
reduction in production volume and an earlier WBT. When the dynamic heterogeneity of kr is considered,
production volume increases, while the WBT time remains largely unaffected. The most significant differences
in the water cut curves are observed during the rapid rise stage. When both dynamic heterogeneities of absolute
and k are incorporated, production volume is lower than when only k heterogeneity is considered. This suggests
that dynamic changes in absolute and k_influence production volume through distinct mechanisms. Specifically,
dynamic heterogeneity in k, improves development outcomes, while changes in k lead to poorer performance.
These findings are consistent with the research conducted by by Xu?, Wang!®, and Li et al.'”. The underlying causes
of this phenomenon have been investigated. It is widely accepted that the dynamic heterogeneity of permeability
arises from the long-term scouring effect of injected water. This effect enhances the permeability of waterflooded
regions, particularly along the main flow paths where the highest flow rates occur and permeability changes are
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Fig. 15. Response of water cut and cumulative oil production to dynamic mechanisms in heterogeneous
reservoirs.

Cumulative
oil production
(10% m?) Increment (%)

Case | f _=90% |f, =99% |f =90% |f =99%
Case5 | 5.7281 |6.1797
Case 6 | 5.4868 |5.6799 |-421 |-8.09

Case 7 | 6.9060 7.8520 20.56 27.06
Case 8 | 6.3624 7.9435 11.07 28.54

Table 4. Cumulative oil production at specific water cut in heterogeneous reservoirs under different dynamic
mechanisms.

most pronounced. However, this scouring effect also exacerbates the fingering phenomenon of injected water,
leading to earlier WBT in production wells, reduced utilization of injected water, and ultimately a decline in
oil recovery efficiency. Research by Wang!'é, and Li et al.'” suggests that when dynamic heterogeneity in k_is
considered, the oil recovery rate varies with displacement velocity. As k increases, there is a significant rise in oil
recovery, indicating that while long-term scouring by injected water intensifies planar heterogeneity and reduces
the waterflooding efficiency, it also improves fluid mobility. This increase in mobility enhances waterflood oil
displacement efficiency, as the residual oil saturation in areas influenced by injected water gradually decreases.
Consequently, oil displacement efficiency increases, leading to more favorable development outcomes.

Table 4 quantitatively reveals the impact mechanisms of dynamic heterogeneity on waterflooding
development: Dynamic changes in k significantly reduce oil production (Case 6 shows a 4.21% decrease in
cumulative oil production compared to baseline Case 5, down to 5.4868 x 10> m®), primarily due to exacerbated
water channeling impairing development efficiency. Conversely, dynamic changes in k_enhance development
outcomes, with Case 7 achieving a substantial 20.56% production increase over the baseline (reaching 6.9060 x 10°
m?), attributed to enhanced fluid mobility and reduced residual oil saturation. Crucially, during the extra high
water-cut stage (f_>90%), the positive effect of k_ becomes more pronounced: Case 7’s production gain expands
to 27.06% (7.8520 x 10° m?), while Case 8 (dual dynamic effects) achieves a 28.54% gain later in development
(7.9435x 10> m?), confirming its sustained improvement of recovery in mid-to-late stages. Although dynamic
k exerts negative interference (Case 8 output is 11.07% lower than Case 7), the ultimate oil production under
dual dynamic effects remains significantly higher than the baseline (+28.54%). This demonstrates the positive
contribution of dynamic heterogeneity to long-term ultimate recovery, with dynamic k_emerging as the
dominant driver during later development stages.

Sensitivity analysis

To validate the impact of grid size on the computational stability of the software described in this paper,
considering time-varying reservoir conditions, two additional conceptual models were established: one with 25
grids in both the x and y directions (planar grid spacing of 10 m), and another with 100 grids in both the x and
y directions (planar grid spacing of 2.5 m). All other parameters remained unchanged. These were compared
with the baseline model from the previous section, which had 50 grids in both directions and a planar spacing
of 5 m. The computational results for the three models are presented in Fig. 16. Statistical analysis of the results
shows that the recovery factor errors for the 2525 and 100 x 100 grid models, relative to the 50 x 50 grid model,
were 0.110% and 0.290%, respectively. The water cut errors were 0.013% and 0.004%, respectively. This indicates
that the influence of grid size on the computational results is minimal and essentially negligible. Consequently,
the numerical simulation technique for time-varying reservoirs based on surface flux demonstrates highly stable
computational results.
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Fig. 16. Water cut and daily oil production behavior: effect of grid resolution incorporating dynamic
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Fig. 17. Water cut and daily oil production rate: with vs. without dynamic heterogeneity in homogeneous
models under different initial reservoir permeability.

To investigate the impact of dynamic heterogeneity on production performance in reservoirs with different
initial permeabilities, two new medium-high permeability reservoir models were designed based on the
homogeneous reservoir model considering dual time variations in k and k, (Case 4). The initial permeability
of the homogeneous reservoir was set to 800 md and 2000 md, respectively, while keeping all other conditions
identical to Case 4. Comparative simulations of the three models (initial permeability: 400 md, 800 md, 2000
md) were then performed against corresponding static models (which neglected k and k_ time variations).
Figure 17 demonstrates that when dynamic variations are neglected, the initial reservoir permeability exhibits
minimal influence on water cut and daily oil production rates; the curves for the three static models essentially
overlap. The impact of dynamic heterogeneity on water cut and production primarily manifests during the mid-
to-high water-cut stages. Owing to dynamic heterogeneity, the water cut is reduced and the daily oil production
rate is increased during these stages. Ultimately, dynamic heterogeneity exerts a positive effect on the production
performance of reservoirs in the mid-to-high water-cut stages.

Cumulative oil production at a water cut of 99% was statistically analyzed for the different initial
permeabilities, as presented in Table 5. The results demonstrate that for initial permeabilities of 400 md, 800
md, and 2000 md, the presence of dynamic heterogeneity increases the recovery factor by 28.88%, 29.99%,
and 32.87%, respectively. That is, the positive effect of dynamic heterogeneity becomes more pronounced in
medium-to-high permeability reservoirs.

Furthermore, the impact of dynamic heterogeneity on production under different injection rates was
investigated. Based on the homogeneous reservoir model considering dual time variations in k and k, (Case 4),
two new medium-high permeability reservoir models were designed. The daily water injection rate was set to
50 m®/day and 200 m?/day, respectively, while maintaining all other conditions identical to Case 4. Simulation
results for these three models were compared against corresponding static models (neglecting time variations)
at the same injection rates. Figure 18 reveals that with increasing injection rates, WBT occurs earlier and the
production plateau period shortens. The influence of dynamic heterogeneity on water cut and production is
primarily observed during the mid-to-high water-cut stages following breakthrough. When dynamic variations
are neglected, the water cut rises more rapidly, and the decline in daily oil production rate is more pronounced.
Consequently, dynamic heterogeneity mitigates the increase in water cut and alleviates the decline in oil
production rate to some extent during the mid-to-high water-cut stages of the reservoir.
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Case Static | Dynamic | Increment (%)
K=400 |5.8857 | 7.5858 28.88
K=800 |5.9191 |7.6943 29.99
K=2000 | 5.8704 | 7.8003 32.87

Table 5. Cumulative oil production at 99% water cut: with vs. without dynamic heterogeneity under different
initial reservoir permeability.
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Fig. 18. Water cut and daily oil production rate: with vs. without dynamic heterogeneity in homogeneous
models under different injection rates.

Cumulative
oil production
(10* m3)

Case Static | Dynamic | Increment (%)
Q=50 |5.8301 | 6.9091 18.07
Q=100 | 5.8857 | 7.5858 28.88
Q=200 | 5.7821 | 8.4125 45.49

Table 6. Cumulative oil production at 99% water cut: with versus without dynamic heterogeneity under
different injection rates.

Cumulative oil production at a water cut of 99% was analyzed for the different daily injection rates, as
presented in Table 6. The results demonstrate that for injection rates of 50 m?/day, 100 m?/day, and 200 m?/
day, dynamic heterogeneity increases the recovery factor by 18.07%, 28.88%, and 45.49%, respectively. That
is, the positive effect of dynamic heterogeneity becomes more pronounced under higher injection rates. This
amplification stems from intensified scouring under higher injection rates, which enhances the dominance of
k s mobility-enhancing effect over ks channeling detriment.

Conclusions
This study establishes a multi-scale simulation framework for capturing dynamic heterogeneity in waterflooded
reservoirs, and makes three pivotal advances:

1. A surface-flux-driven multiscale framework achieving 95% speedup: The proposed framework, combining
surface-flux-driven dynamic k models with an improved multiscale finite volume (IMsFV) solver, delivers
breakthrough computational performance: 95.07% reduction in total simulation time and 98.19% decrease
in linear solver time versus conventional fully implicit methods (SPE10 benchmark). Accuracy remains ro-
bust with <5% relative errors and exceptional grid stability (<0.3% recovery fluctuation, <0.02% water-cut
deviation across 25 x 25 to 100 x 100 grids).

2. Resolution of competing permeability mechanisms where k_dominates recovery: Dynamic k exacerbates
water channeling, reducing the recovery factor by 4.21% (Case 6 vs. baseline Case 5). Conversely, dynamick,
enhances recovery by 20.56%-27.06% (Case 7) through improved fluid mobility and displacement efficiency.
Crucially, during high water-cut stages (>90%), the positive effect of k. dominates, enabling the dual-dynam-
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ic model (Case 8) to achieve a net 28.54% ultimate recovery gain despite the adverse impact of k degradation
(Table 4).

3. Sensitivity analysis quantifies critical operational and geological controls: recovery gain at 99% water cut
escalates from 28.88% (400 md) to 32.87% (2000 md) (Table 5), confirming greater efficacy in high-per-
meability reservoirs; amplification surges from 18.07% (50 m®/day) to 45.49% (200 m>/day) under elevated
injection rates (Table 6), while peak impact occurs during mid-high water-cut stages with >10% water-cut
reduction (Fig. 17), demonstrating stage-dependent optimization potential.

Despite its contributions, this study has inherent limitations: (1) Omission of thermal/chemical EOR
mechanisms; (2) Unmodeled time-dependent fluid viscosity variations; (3) Unvalidated surface-flux-scouring
relationships under divergent injection histories (e.g., high-rate/short-term vs. low-rate/long-term flooding).
Future research will extend the current two-phase framework to three-phase compositional models with
integrated thermal-chemical modules, while establishing quantitative flux-scouring relationships through core-
flooding experiments.

Data availability
The datasets used and/or analyzed during the current study available from the corresponding author on reason-
able request.

Received: 21 December 2024; Accepted: 24 June 2025
Published online: 02 July 2025

References
1. Jia, D., Zhang, J., Li, Y., Wu, L. & Qiao, M. Recent development of smart field deployment for mature waterflood reservoirs.
Sustainability 15, 784 (2023).
2. Yuan, S. & Wang, Q. New progress and prospect of oilfields development technologies in China. Petrol. Explor. Dev. 45, 698-711
(2018).
3. Xu, J., Guo, C,, Jiang, R. & Wei, M. Study on relative permeability characteristics affected by displacement pressure gradient:
Experimental study and numerical simulation. Fuel 163, 314-323 (2016).
4. Qinglong, D. Variation law and microscopic mechanism of permeability in sandstone reservoir during long-term water flooding
development. Acta Petrolei Sinica 8, 1159-1164. https://doi.org/10.7623/syxb201609010 (2016).
5. Zhang, H,, Liu, Q, Li, E & Lu, Y. Variations of petrophysical parameters after sandstone reservoirs watered out in Daging oil field.
SPE Ady. Technol. Ser. 5, 128-139 (1997).
6. Chuanzhi, C., Kaikai, L., Yong, Y., Yingsong, H. & Qi, C. Identification and quantitative description of large pore path in
unconsolidated sandstone reservoir during the ultra-high water-cut stage. J. Petrol. Sci. Eng. 122, 10-17 (2014).
7. Tavakoli, V. In Carbonate Reservoir Heterogeneity: Overcoming the Challenges 1-16 (Springer, 2020).
8. Yu, X, Li, S. & Li, S. In Clastic Hydrocarbon Reservoir Sedimentology 299-323 (Springer, 2018).
9. Lv, J. et al. Effect of reservoir heterogeneity on polymer-surfactant binary chemical flooding efficiency in conglomerate reservoirs.
Polymers 16, 3405 (2024).
10. Fitch, P. J. R, Lovell, M. A,, Davies, S. J., Pritchard, T. & Harvey, P. K. An integrated and quantitative approach to petrophysical
heterogeneity. Mar. Pet. Geol. 63, 82-96. https://doi.org/10.1016/j.marpetgeo.2015.02.014 (2015).
11. Tavoosi Iraj, P, Mehrabi, H., Rahimpour-Bonab, H. & Ranjbar-Karami, R. Quantitative analysis of geological attributes for
reservoir heterogeneity assessment in carbonate sequences; a case from Permian-Triassic reservoirs of the Persian Gulf. J. Petrol.
Sci. Eng. 200, 108356. https://doi.org/10.1016/j.petrol.2021.108356 (2021).
12. Shook, G. M. & Mitchell, K. M. In SPE Annual Technical Conference and Exhibition.
13. Shahvali, M., Mallison, B., Wei, K. & Gross, H. An alternative to streamlines for flow diagnostics on structured and unstructured
grids. SPE J. 17, 768-778. https://doi.org/10.2118/146446-pa (2012).
14. Ramstad, T. A., Idowu, N., Nardi, C. & Qren, P. E. Relative permeability calculations from two-phase flow simulations directly on
digital images of porous rocks. Transp. Porous Media 94, 487-504 (2011).
15. Fang, Y, Yang, E., Yin, D. & Gan, Y. Study on distribution characteristics of microscopic residual oil in low permeability reservoirs.
J. Dispers. Sci. Technol. 41, 575-584 (2019).
16. Wang, S., Yu, C,, Sang, G. & Zhao, Q. A new numerical simulator considering the effect of enhanced liquid on relative permeability.
J. Petrol. Sci. Eng. 177, 282-294 (2019).
17. Li, C., Wang, S., Qing, Y. & Yu, C. A new measurement of anisotropic relative permeability and its application in numerical
simulation. Energies 14, 4731 (2021).
18. Xu,J., Guo, C., Wei, M. & Jiang, R. Impact of parameters’ time variation on waterflooding reservoir performance. J. Petrol. Sci. Eng.
126, 181-189. https://doi.org/10.1016/j.petrol.2014.11.032 (2015).
19. Jiang, R. et al. Characterization of the reservoir property time-variation based on ‘surface flux’ and simulator development. Fuel
234, 924-933. https://doi.org/10.1016/j.fuel.2018.06.136 (2018).
20. Sun, Z. et al. In SPE/IATMI Asia Pacific Oil & Gas Conference and Exhibition D031S031R002 (2019).
21. Lin, J. et al. Comprehensive characterization investigation of multiple time-varying rock-fluid properties in waterflooding
development. J. Energy Resour. Technol. https://doi.org/10.1115/1.4052166 (2021).
22. Zhou, Z., Jia, H., Zhang, R., Ding, B. & Geng, X. Three dimensional time-variation simulator for water flooding reservoir based on
“effective water flux”. Phys. Fluids 36, 103101. https://doi.org/10.1063/5.0223534 (2024).
23. Wang, S.-C. et al. Time-dependent model for two-phase flow in ultra-high water-cut reservoirs: Time-varying permeability and
relative permeability. Pet. Sci. 21, 2536-2553. https://doi.org/10.1016/j.petsci.2024.03.025 (2024).
24. Fu, H. etal. An accurate identification and spatial characterization method for the development degree of preferential flow paths in
water-flooded reservoir. Geomech. Geophys. Geo-Energy Geo-Resour. 10, 141. https://doi.org/10.1007/s40948-024-00817-2 (2024).
25. Xun, Y., Jingnan, X. & Shi, L. A novel numerical simulation method for oil reservoir considering time-varying permeability.
Geosyst. Eng. https://doi.org/10.1080/12269328.2025.2505173 (2025).
26. Keilegavlen, E., Nordbotten, J. M. & Stephansen, A. E. Simulating two-phase flow in porous media with anisotropic relative
permeabilities (2011).
27. Karabakal, U. & Energy, S. B. J. Determination of wettability and its effect on waterflood performance in limestone medium. Energy
Fuels 18, 438-449 (2004).
28. Zahoor, M. K. & Derahman, M. N. New approach for improved history matching while incorporating wettability variations in a
sandstone reservoir—Field implementation. J. Petrol. Sci. Eng. 104, 27-37 (2013).

Scientific Reports |

(2025) 15:23680 | https://doi.org/10.1038/s41598-025-08938-8 nature portfolio


https://doi.org/10.7623/syxb201609010
https://doi.org/10.1016/j.marpetgeo.2015.02.014
https://doi.org/10.1016/j.petrol.2021.108356
https://doi.org/10.2118/146446-pa
https://doi.org/10.1016/j.petrol.2014.11.032
https://doi.org/10.1016/j.fuel.2018.06.136
https://doi.org/10.1115/1.4052166
https://doi.org/10.1063/5.0223534
https://doi.org/10.1016/j.petsci.2024.03.025
https://doi.org/10.1007/s40948-024-00817-2
https://doi.org/10.1080/12269328.2025.2505173
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

29. In An Introduction to Reservoir Simulation Using MATLAB/GNU Octave: User Guide for the MATLAB Reservoir Simulation Toolbox
(MRST) (ed Knut-Andreas Lie) 475-476 (Cambridge University Press, 2019).

30. Qiaoliang, Z. et al. Establishment and application of reservoir flow field evaluation system. Petrol. Geol. Dev. Daging 33, 86-89
(2014).

31. Xiantai, L. Numerical simulation technology for the temporal variation of reservoir properties in medium to high-permeability
sandstone reservoirs. Petrol. Geol. Recov. Efficiency 18, 58-62115. https://doi.org/10.13673/j.cnki.cn37-1359/te.2011.05.012 (2011).

32. Fu Qiang, D. Z. & Wang, S. A reservoir numerical simulation method that taking dynamic relative permeability curve into accout.
China Offshore Oil Gas 8, 79-86 (2020).

33. Ting, E Study on Temporal Variation Patterns and Simulation Methods of Waterflooding Flow Parameters in JY Ultra-Low
Permeability Reservoirs (2023).

34. Gries, S., Stiiben, K., Brown, G. L., Chen, D. & Collins, D. A. Preconditioning for efficiently applying algebraic multigrid in fully
implicit reservoir simulations. SPE J. 19, 726-736. https://doi.org/10.2118/163608-PA (2014).

35. Moyner, O. & Lie, K. A. A multiscale restriction-smoothed basis method for compressible black-oil models. SPE J. 21, 2079-2096
(2016).

36. Cusini, M., Lukyanov, A. A, Natvig, ]. & Hajibeygi, H. Constrained pressure residual multiscale (CPR-MS) method for fully
implicit simulation of multiphase flow in porous media. J. Comput. Phys. 299, 472-486. https://doi.org/10.1016/j.jcp.2015.07.019
(2015).

37. Jenny, P, Lee, S. H. & Tchelepi, H. A. Adaptive fully implicit multi-scale finite-volume method for multi-phase flow and transport
in heterogeneous porous media. Comput. Phys. 217, 627-641 (2006).

38. DeBaun, D. R. et al. An extensible architecture for next generation scalable parallel reservoir simulation (2005).

39. Fjerstad, P, Dasie, W. J,, Sikandar, A. S., Cao, H. & Li, J. Next generation parallel computing for large-scale reservoir simulation
(2005).

40. Khataniar, S. K., Dias, D. D. B. & Xu, R. Aspects of multiscale flow simulation with potential to enhance reservoir engineering
practice. SPE J. 27, 663-681 (2021).

41. Peaceman, D. W. Interpretation of well-block pressures in numerical reservoir simulation with nonsquare grid blocks and
anisotropic permeability. Soc. Petrol. Eng. J. 23, 531-543 (1983).

42. Lie, K. A. et al. Successful application of multiscale methods in a real reservoir simulator environment. Comput. Geosci. 21, 981-
998 (2017).

43. Moyner, O. & Lie, K. A. The multiscale finite-volume method on stratigraphic grids. SPE J. 19, 816-831 (2014).

44. Jenny, P, Lee, S. H. & Tchelepi, H. A. Multi-scale finite-volume method for elliptic problems in subsurface flow simulation. J.
Comput. Phys. 187, 47-67 (2003).

45. Mosharaf-Dehkordi, M. & Manzari, M. T. Effects of using altered coarse grids on the implementation and computational cost of
the multiscale finite volume method. Adv. Water Resour. 59, 221-237 (2013).

46. Moyner, O. & Lie, K. A. A multiscale restriction-smoothed basis method for high contrast porous media represented on
unstructured grids. J. Comput. Phys. 304, 46-71 (2016).

47. Moyner, O. & Lie, K. A. A multiscale method based on restriction-smoothed basis functions suitable for general grids in high
contrast media (2015).

48. Wang, Y., Hajibeygi, H. & Tchelepi, H. A. Algebraic multiscale solver for flow in heterogeneous porous media. J. Comput. Phys. 259,
284-303 (2014).

49. Kozlova, A. et al. A real-field multiscale black-oil reservoir simulator. SPE J. 21, 2049-2061 (2016).

50. Wu, L. et al. A multi-scale numerical simulation method considering anisotropic relative permeability. Processes 12, 2058 (2024).

Acknowledgements

This research was funded by the Joint Fund for Enterprise Innovation and Development of NSFC (Grant No.
U24B2037), the Fund for General Program of NSFC (Grant No. U52374051), the Major Special Project on Oil
and Gas: “Key Technologies and Equipment for High-efficiency Intelligent Oil and Gas Production Engineering
(Grant No. 2024ZD14065)”, and the Scientific Research and Technology Development Project of PetroChina
(Grant No. 2023DJ8405).

Author contributions

Conceptualization, L.W. and S.W.; methodology, ].W.; software, J.Z.; validation, L.W., ].W., and S.W.; formal anal-
ysis, R.Z.; investigation, Y.Y. (Yiqun Yan); resources, R.Z.; data curation, Y.Y. (Yanfang Yin); writing—original
draft preparation, L.W.; writing—review and editing, J.W,; visualization, J.Z.; super-vision, S.W.; project admin-
istration, D.J.; funding acquisition, D.J. All authors reviewed the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to L.W., D.J. or S.W.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Scientific Reports |

(2025) 15:23680 | https://doi.org/10.1038/s41598-025-08938-8 nature portfolio


https://doi.org/10.13673/j.cnki.cn37-1359/te.2011.05.012
https://doi.org/10.2118/163608-PA
https://doi.org/10.1016/j.jcp.2015.07.019
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives
4.0 International License, which permits any non-commercial use, sharing, distribution and reproduction in
any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide
a link to the Creative Commons licence, and indicate if you modified the licensed material. You do not have
permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence
and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommo
ns.org/licenses/by-nc-nd/4.0/.

© The Author(s) 2025

Scientific Reports|  (2025) 15:23680 | https://doi.org/10.1038/s41598-025-08938-8 nature portfolio


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://www.nature.com/scientificreports

	﻿An efficient multiscale simulation framework integrating dynamic heterogeneity for accurate waterflooding prediction
	﻿Methods
	﻿Numerical simulation incorporating the dynamic heterogeneity
	﻿Multi-scale solution methods
	﻿Sequential splitting
	﻿IMSFV method for flow


	﻿Results and discussion
	﻿Validation of multiscale method
	﻿Cases and findings of multi-scale dynamic simulator
	﻿Sensitivity analysis

	﻿Conclusions
	﻿References


