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Abstract

Maximum injection rate is a key criterion when screening subsurface hydrocarbon
reservoirs or aquifers for possible EOR schemes or storage of hydrocarbon gas,
hydrogen or carbon dioxide. It has to be high enough to achieve desired rates without
risking the formation fracturing. Screening requires evaluation of thousands or millions
of potential injection sites to identify those with favourable characteristics that merit
further, more detailed study. This study presents a computationally efficient and
geologically informed workflow to rapidly estimate gas injection rates in regional-scale
3D models, combining radial-based permeability upscaling with a transient
compressible gas flow model that captures spatial variability in reservoir and fluid
properties. The methodology requires an estimate of the distribution of petrophysical
properties, pressure and temperature and applies a block-by-block rate calculation
scheme, supported by a pre-processing step for pressure-dependent fluid properties
(density, compressibility and viscosity). The approach is validated against numerical
simulation for the case of geological storage of CO; in a saline aquifer and then
demonstrated on a real-world regional model covering ~1,200 km?. Average and
maximum errors were 27% and 71% for random heterogeneous cases, and 13% and
30% for field-scale predictions, respectively, demonstrating strong agreement with
numerical simulations given the scale and complexity of the models. The full regional
model was processed in under five minutes using parallel computing. The key
innovation lies in the permeability averaging scheme, which effectively captures near-
wellbore heterogeneity for accurate rate prediction without requiring numerical
simulation.

Keywords: CO, Storage; CCS; Screening; Injection rate; Permeability upscaling;
Heterogeneity; Large-scale reservoir modelling.
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1. Introduction

A fundamental operational parameter in the design and assessment of subsurface
storage and most Enhanced Oil Recovery (EOR) projects is the gas injection rate, where
the gas could by carbon dioxide, hydrogen or natural gas. This determines the number
and placement of wells, the size of surface facilities, and the overall timescale over
which target volumes can be injected. Critically, injection rates must remain within safe
bounds to avoid excessive pressure buildup that could compromise caprock integrity or
trigger fault reactivation (Birkholzer and Zhou, 2009). Well injectivity is influenced by
hydro-physical, chemical, and geomechanical processes—including permeability, fines
migration, salt precipitation, and formation damage—especially in the near-well region
(Hajiabadi et al., 2021).

Full-physics numerical simulations can provide high-fidelity prediction of injectivity
when well-calibrated and finely gridded, but their application in early-stage screening is
severely limited by data requirements and computational burden (Celia et al., 2015;
Nordbotten et al., 2005). This is especially the case when the goal is to evaluate large
numbers of candidate injection sites efficiently and consistently (Zhang et al., 2022).
Evaluating thousands—or even millions—of potential injection locations across basin-
or region-scale domains is essential to meet gigatonne-scale storage goals. For each
candidate site, full simulation would require the construction of local input models and
grid files, followed by individual runs, each of which may take hours or days to
complete.

Coarse grid simulations are one way to reduce computational time, but these introduce
significant numerical errors when calculating injection rate, particularly when Cartesian
grids are used. While the Peaceman correction (Peaceman, 1983) compensates for
these errors in in the well grid block in homogeneous models, it does not account for
heterogeneity in the near well region. In addition standard permeability upscaling is
inaccurate when flow is radial (Lake, 1989; Renard and De Marsily, 1997) as occurs in
and near the well block. Heterogeneity in the well block and immediately adjacent cells
can be represented using methods such as that proposed by Ding (2004). These,
however, involve further calculations prior to simulation. In any case even coarse grid
simulations become impractical when screening thousands of possible well locations
in a single realisation of the subsurface heterogeneity, let alone if multiple alternative
geological realisations need to be considered.

Analytical solutions present a faster alternative, yet they are also based on assumptions
of homogeneous, isotropic permeability, limiting their applicability in geologically
realistic systems with both horizontal and vertical stratigraphic variability, and faulting.
Critically, by neglecting heterogeneity in the near-wellbore region, these methods can
lead to misleading rate estimates and obscure fair comparison across candidate sites
(De Silva and Ranjith, 2012; Smith and Montgomery, 2015; Soeriawinata et al., 1997).
Soeriawinata et al. (1997) demonstrated that radial heterogeneity could be partially
captured through ray-based distance weighting of permeabilities in a grid-based model,
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but their method required manual implementation and did not generalise well to
screening workflows.

The estimation of near-well average permeability remains a key uncertainty in such
assessments, particularly under radial flow, where small-scale heterogeneity can
disproportionately affect rate predictions. The dynamic behaviour of the injected fluid—
particularly pressure-dependent viscosity and compressibility of supercritical CO—
must also be incorporated to obtain physically meaningful rate estimates (Hajiabadi et
al., 2021). Existing screening models often ignhore these dependencies or rely on steady-
state assumptions that break down at high injection pressures or during early-time
transients.

To address these limitations, this study introduces a computationally efficient and easy
to implement workflow. It combines a radial distance-weighted permeability averaging
method with a transient injection model based on Darcy’s law for compressible gas. In
this work we test and demonstrate the upscaling when screening for geological CO,
storage in saline aquifers. We evaluate pressure-dependent CO; properties using
analytical correlations that require only minimal input data, making the approach well
suited for basin-scale screening workflows. Similar approaches could be used to
estimate gas properties for other subsurface injection scenarios—including gas
injection for EOR or storage and hydrogen storage. The workflow can also be applied to
screening for processes in which the injection fluids do not have pressure dependent
properties such as geothermal reinjection, waterflooding of oil reservoirs and industrial
brine disposal operations such as those encountered in potash mining (Krevor et al.,
2023; Pumjan et al., 2022).

2. The Workflow

2.1. Overview and Assumptions

The workflow is designed to enable large-scale evaluation of candidate storage sites
with minimal data input and without reliance on full-physics numerical simulation. The
core objective is to estimate the maximum allowable injection rate accounting for near-
well permeability heterogeneity and pressure-dependent fluid behaviour. The method
combines (i) a block-based rate prediction framework that aggregates contributions
within each stratigraphic interval and geological compartment to represent the effective
flow capacity of the near-wellbore region, and (ii) a transient analytical solution based
on Darcy’s law for compressible gas injection. This combination enables rapid and
physically meaningful injection rate estimates across a range of geological settings.

Several assumptions are adopted to maintain analytical tractability while preserving key
physical features relevant to the screening stage:

o Radial flow geometry is assumed, which is appropriate for vertical, single-well
injection into laterally extensive formations or compartments.
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e Vertical equilibrium is not required, but flow is considered predominantly
horizontal within each layer.

e Multilayered heterogeneity is captured by calculating the injection rate
separately for each grid block (i.e. for every layer within a column) and summing
the results to obtain the total well rate. Lateral heterogeneity is incorporated
through a radial averaging scheme that accounts for spatial variability in
permeability across concentric annuli.

e Capillary, chemical, and geomechanical effects are neglected, in line with the
focus on short-term, pressure-driven flow during early injection.

o No-flow boundaries or regional pressure dissipation are not included; the
analysis assumes a laterally unbounded reservoir at the screening scale.

e The effect of multiphase flow is simplified through the use of a Corey-type
relative permeability function, where the brine saturation is assumed to
immediately decline to the irreducible value (Sw = Sw,ir) within the near-well
region upon CO; injection.

The workflow requires a static geological model containing mapped reservoir properties
(such as reservoir thickness, permeability and porosity distributions), an initial pressure
distribution (e.g., estimated from a reference depth using a hydrostatic gradient) and
fluid property correlations. These features make it suitable for regional assessments
where thousands to millions of candidate locations must be compared consistently and
efficiently.

2.2. Transient Injection Model

To estimate the gas injection rate under pressure-limited, transient conditions, a semi-
analytical radial flow model is employed (Dake, 1983). The formulation is based on
single-phase, isothermal gas injection into a porous medium, and accounts for
pressure-dependent viscosity and gas compressibility using a pseudo-pressure
formulation. The injection rate, @, in sm?®/s, is computed using:

_ kkrgh(¢e - ¢w)
I Ty

where:

Eq. 1

e k = effective permeability (m?), calculated via the radial upscaling method
described in Section 2.2,

. krg = endpoint relative permeability to the injected gas (dimensionless),

e h=formation thickness (m),

e Y, Y. =pseudo-pressure at the external boundary and wellbore, respectively
(Pa2-s/m?),

e Y, =dimensionless pseudo-pressure function that accounts for transient flow
effects (dimensionless).

The pseudo-pressure function 1 (P) is defined as:
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where:

e P =pressure (Pa),

e U4 =dynamic viscosity of the injected gas as a function of pressure (Pa-s),
e 7/ =the gas compressibility factor (dimensionless),

e P, =reference pressure (usually zero or initial pressure).

The dimensionless pseudo-pressure function i is approximated by an analytical
solution valid for early- to mid-time radial flow (Dake, 1983):

Yp = 0.5 [In(tp) + 0.80907] Eq. 3
The dimensionless time, tp, is calculated using:

kt

thy=——
P Bugeer?

Eq. 4
where:

e t=injectiontime (s),

e (= porosity (dimensionless),

e u4 =gasviscosity at average reservoir conditions (Pa-s),

e ¢, =total compressibility of the system (Pa™"),

e 1, =wellbore radius (m).

The model assumes radial, horizontal flow in an unbounded reservoir with no capillary,
geochemical, or thermal effects. Fluid properties (u,, Z) are pressure-dependent and
evaluated at each block using the methods described in Section 2.4.

To further reduce computational intensity—particularly during early screening over
large spatial domains—the pressure-squared approximation may be used in place of
the full pseudo-pressure integral. This simplification assumes that the gas viscosity and
compressibility factor remain approximately constant over the relevant pressure range,
yielding:

PZ

Y(P) = ﬁ Eqg.5
While this approach can significantly reduce the need for numerical integration, its
applicability is pressure-dependent. It is generally valid only when pressure variation is
modest and the injection gas is CO, that remains well within the supercritical phase.
This will typically be the case at lower to moderate reservoir depths. For CO, at higher
pressures or over large pressure intervals, and for most other injection gases,
deviations in fluid properties can lead to non-negligible error, and the full pseudo-
pressure formulation should be retained. In this study, the pressure-squared
approximation is not applied unless specifically justified by local conditions.
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2.3. Radial Permeability Upscaling

Accurate estimation of injection rates requires realistic representation of the
permeability heterogeneity around the well. Traditional averaging techniques (e.g.
arithmetic or harmonic means across ij-columns) assume linear flow and so are not
suitable for the radial flow geometry around a well. In particular, they do not account for
the decreasing importance of heterogeneities further from the well.

To address this, an improved radial distance-based upscaling method is implemented
that weights each block's contribution according to its distance from the well. The
method defines an averaging radius based on a specified number of grid blocks
extending radially from the injection point. For each ring of blocks within this radius, a
logarithmic weight factor is applied to capture the influence of pressure drawdown
across each annulus, consistent with the analytical solution for radial flow in porous
media (Ertekin et al., 2001). This approach was inspired by Soeriawinata et al. (1997),
but has been improved to remove the need for directional ray-tracing or nested
averaging along and across rays.

The effective permeability is then calculated using a weighted harmonic average:
_ oW Eq. 6

k. =
av nWi
0%,

where k; is the average permeability of blocks within the i radial band, and w;is its
corresponding weight factor. Within each radial band, the permeability k; is computed
as avolume-weighted arithmetic average of the permeabilities of all grid blocks that lie
within that annulus. This approach ensures that blocks occupying a larger fraction of
the annular volume—due to azimuthal asymmetry or irregular grid geometry—have
proportionally greater influence on the final averaged permeability. The use of volume
weighting avoids the bias that could arise from simple arithmetic averaging when block
sizes are unequal. This detail is illustrated in the caption of Figure 1 and is critical for
maintaining consistency with radial flow assumptions in heterogeneous 3D grids. The
weight is defined as:

Ti

w; = In Eq.7

Ti—1
Here, r;and r;—; represent the outer and inner radii of the /» annulus, respectively. For
the innermostring (i = 0), the inner radius r;_4 is equal to the physical wellbore radius
I'v, While the outer radius ro is defined as the Peaceman equivalent radius re,
representing the outer boundary of the well-block. This formulation ensures that the
influence of each surrounding zone is scaled appropriately, consistent with logarithmic
pressure drop theory under radial flow.

The Peaceman equivalent radius defines the effective radial distance from the wellbore
centre to the edge of the well-block in a gridded Cartesian model. For non-square grids
and anisotropic permeability, it is calculated using the following expression (Ertekin et
al., 2001):
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0.5 0.5 0.5
:0.28[(ky/kx) 8%+ (ke/y) Ayz] Eq.8

(ky/kx)O.ZS + (kx/ky)O.ZS

Teq

where:
e Ax, Ay are the gridblock dimensions in the x- and y-directions (m),
e k,, k, are the directional permeabilities in the x and y directions respectively
(m?).

This formulation ensures that the equivalent radial distance reflects both the geometry
of the grid used to represent the permeability distribution and anisotropy in the
permeability tensor.

Figure 1 illustrates the structure of this averaging scheme. The well-block is located at
the centre of the grid, and surrounding cells are grouped into five concentric rings based
on their radial distance from the wellbore. In practice the total averaging radius (or
number of rings n) is selected based on the expected near-well influence zone. The logic
for selecting this averaging distance — and its impact on predicted permeability — will
be further examined in Section 3.2. The well-block equivalent radius (re;) and the
wellbore radius (r,) are also marked to contextualise their roles in the analytical
injection rate formulation.

The radial distance between the injection well and each surrounding grid block, is
computed within each layer in the x-y plane. Assuming a Cartesian coordinate system
and uniform grid spacing (Ax = Ay), the radial distance r;; from the centre of the injection
well-block located at index (i, j) to any other block at index (i1, j;) in the same layer is
given by:

Distance = Ax \/(i —i1)2+ (G —j1)? Eq. 9

In models with non-uniform grid spacing, the distance is calculated directly from the
wellbore centre to the centroid of each target block.
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Figure 1 Schematic illustration of the radial permeability averaging method. The injection well
is located at the centre of the well-block (i, j), and surrounding grid cells are grouped into
concentric rings based on their radial distance from the wellbore. Each coloured annulus
represents an incrementally larger radial band, with weights decreasing outward to account
for reduced flow influence. In uniformly gridded models (Ax = Ay), the distance from the
wellbore to each surrounding block can be expressed in discrete grid units. The concentric
black dashed circles delineate the boundaries of each averaging ring (req, I'1-rs). The effective
averaging radius in this example is 1 km, corresponding to five 200 m-wide grid blocks. This
configuration defines the near-well region over which permeability is averaged in the proposed
upscaling method.

This permeability upscaling is applied for each unique potential injection location in the
model. Cells on the opposite side of sealing faults are excluded from the averaging
region.
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2.4. Fluid Property Estimation

Accurate estimation of pressure-dependent fluid properties is essential for computing
gas injection rates. In practical applications, it is likely that the initial pressure will vary
across the region due to compartmentalization and/or variations in formation depth
(e.g. dip or structural relief), the structure of the formations of interest, and any
hydrocarbon fields or pre-existing storage schemes. This means that the gas
compressibility factor Z and the dynamic viscosity u,, have to be evaluated locally for
each grid block using input pressure and temperature fields from the geological model.

This study demonstrates the workflow for the screening of potential supercritical CO,
injection sites in a saline aquifer. We calculate the compressibility factor Z using the
Peng-Robinson equation of state (PR EoS), which captures non-ideal gas behaviour
across a wide range of pressures and temperatures (Ali et al., 2014; Dall’Acqua et al.,
2017; Xiong et al., 2024). The EoS is applied directly to each grid block using local
temperature and pressure fields provided by the static reservoir model, enabling
consistent integration with the pseudo-pressure formulation described in Section 2.2.
The CO, viscosity is calculated using an empirical correlation derived from Table 8 of
Naghizadeh et al. (2022). Since all reservoir temperatures in this case study exceed 300
K, only the high-temperature portion of the correlation is applied. The formulation is
implemented in a standalone MATLAB routine and applied locally for each block across
the 3D domain.

To verify the accuracy of fluid property estimation, predictions were compared against
reference values from the NIST CO, property database (National Institute of Standards
and Technology (NIST)). The comparison was performed across a broader pressure
range but showed good agreement within 15-60 MPa and 340-460 K, which aligns with
the operating envelope of most CCS storage projects. Within this range, the model
demonstrated good agreement with NIST data, with errors generally within 5% and no
systematic deviation observed. The model has not been validated outside this range.

This property estimation framework ensures both physical reliability and computational
efficiency, making it well suited for high-throughput injection rate prediction in basin-
and region-scale geological CO, storage studies.

2.5. Implementation Workflow for Screening Purposes

The proposed injection rate prediction method is implemented in MATLAB and desighed
for efficient application to 3D geological models exported from static modelling
software such as Petrel. The full workflow is modular and accounts for fault
compartmentalisation by recognising predefined flow compartments: only grid blocks
within the same compartment as the injection well are included in the calculation, while
blocks isolated across sealing faults are excluded. This ensures hydraulic consistency
in regional-scale screening studies.

To apply this workflow, a static geological model with petrophysical properties (e.g.,
porosity and permeability) must be available, along with initial pressure and
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temperature values at the datum depth for each stratigraphic interval. These datum
conditions are sufficient to construct pressure and temperature profiles across the
model domain using simple depth-based interpolation, allowing for consistent fluid
property estimation. Additionally, pre-screening can be performed prior to rate
prediction to exclude unsuitable locations — for example, cells associated with
hydrocarbon-bearing formations, surface infrastructure constraints, or insufficient
caprock integrity — ensuring that only technically viable injection locations are
considered.

A detailed description of each implementation step and the corresponding workflow
diagram are provided in Appendix A: Step-by-Step Workflow for Injection Rate
Prediction.

3. Flow Rate Validation

The calculation of gas injection rate is first compared against numerical simulation for
CO; injection into a saline aquifer using radial and Cartesian grids. CMG-GEM was used
for all numerical simulations

3.1. Homogeneous Model Description

To validate the proposed analytical workflow, a series of synthetic numerical models
was constructed and simulated under controlled conditions. These models were
designed to isolate the impact of grid geometry and resolution on the predicted
injection rates, allowing for a direct comparison between analytical and numerical
solutions. Two distinct grid types were used for this validation: radial and Cartesian.
Table 1 summarises the grid specifications, total domain sizes, and cell counts for each
synthetic case.

First the results from simulations in a homogeneous radial grid were compared against
the analytical solution. Radial grid results should match the analytical solution,
provided there is sufficient grid resolution, as this type of grid minimises discretization
and grid orientation error.

The Cartesian models, on the other hand, will not agree with the analytical model, no
matter how fine the mesh, due to grid orientation error. The purpose in this case was
twofold: first, to evaluate the magnitude of this error in more typical coarse-grid
configurations used in screening studies, and second, to assess the impact of grid
resolution. All Cartesian grids were constructed using uniformly sized blocks and a
square domain of similar lateral extent (~12.5 km x 12.5 km). Three block sizes (50 m,
100 m, and 200 m) were used for analysing the effect of averaging distance. Finer (5m
and 20 m) and coarser (500 m) Cartesian models were included to evaluate the impact
of grid resolution on numerical predictions.

Across all simulations, fluid and reservoir properties were selected to remain consistent
between the analytical model and numerical simulations. The Peng—Robinson equation
of state (PR EoS) was applied in all cases to ensure realistic behaviour of supercritical
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CO,, and care was taken to ensure comparable Z-factors, viscosities, and
compressibilities between the numerical simulator and analytical model across the
tested pressure range. The porosity was set to 0.15 in all models. Four permeability
values were tested: 9.869x10" m? (0.1 mD), 9.869x107'® m? (1 mD), 3.454x107"® m?

(3.5 mD), and 9.869x107"* m?2 (10 mD), representing a range from tight to moderately
permeable formations. For each permeability, simulations were run at two formation
thicknesses (1.52 m and 6.10 m) and two injection pressure conditions, corresponding
to pressure differences of approximately 6.0 MPa and 8.7 MPa (i.e., injection pressures
of 20.7 MPa and 23.4 MPa, respectively). In the numerical simulations, a Corey-type
gas—water relative permeability function was used, with an initial brine saturation of
0.16 (irreducible water saturation, S,, ;,-) assigned to the injection cell to represent
immediate drainage. In the analytical model, the same endpoint values were applied for
consistency: S,, was fixed at S, ;- = 0.16 and the corresponding maximum gas relative
permeability K;.g ;max = 0.74 was used. While this simplification omits the smooth
transition captured by Corey curves, it preserves the same limiting behaviour as the
numerical model and significantly reduces computational complexity for screening
applications.

Table 1 Summary of Synthetic Grid Configurations Used for Model Validation.

Model Type Grid Block Size Domain Total Cells Notes
Dimensions (m) Size (m x m)

Radial Grid 35%x20x1 Variable ~12,192 m 700 Logarithmic radial

(0.15mto radius spacing

1,340 m) (40,000 ft

dia.)

Cartesian (5 2,491 %x2,491x1 5x5 12,455 x 6,205,081 Used to assess grid
m) 12,455 resolution impact
Cartesian 631 %631 x 1 20 x 20 12,620 x 398,161 Used to assess grid
(20 m) 12,620 resolution impact
Cartesian 249 x 249 x 1 50 x 50 12,450 x 62,001 Also used for averaging
(50 m) 12,450 distance analysis and

grid resolution sensitivity

Cartesian 125x 125 x 1 100 x 100 12,500 x 15,625 Also used for averaging
(100 m) 12,500 distance analysis and
grid resolution sensitivity

Cartesian 63 x63 x 1 200 x 200 12,600 x 3,969 Also used for averaging

(200 m) 12,600 distance analysis, grid
resolution sensitivity and
analytical-numerical
comparison

Cartesian 25 x 25 x 1 500 x 500 12,600 625 Used to assess grid
(500 m) 12,600 resolution impact
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We assumed an initial pressure of 14.7MPa in all cases. The injection rate from the
numerical simulations was determined at 31 days at early injection time, prior to
pressure boundary influence. This time was chosen based on inspection of pressure
profiles across the domain, which confirmed negligible boundary effects within this
early period across all homogeneous test cases. These rates were converted from sm?/s
to mass flow rate in mega-tonnes per year (Mt/yr) using a CO, density of 1.8567 kg/m? at
standard conditions (1 atm, 60°F). This ensures a consistent mass-based comparison
between analytical and numerical results.

3.2. Sensitivity to Averaging Radius and Permeability Variability

The aim of this sensitivity study was to determine the minimum radial averaging
distance needed in a Cartesian grid. This was determined by comparing the rates from
the heterogeneous simulations with those predicted from the analytical solution using
the upscaled permeability. Three different well-block permeabilities were tested:

0.1 mD, 1 mD, and 10 mD, representing a range from tight to moderately permeable
formations. For each permeability distribution, we used the same three grid resolutions
as in the homogeneous runs.

The different heterogeneity realizations were created by keeping the injection cell and a
varying number of surrounding cells at their original value, but varying the permeability
of the remaining cells more distant from the well by 2-3 orders of magnitude. For
example, in one case only the injection cell retained the original permeability, while in
others, all blocks within a radial distance of 1 to 28 blocks (i.e. up to ~1.4 km) from the
wellbore retained the original value, and the remaining cells were altered. To evaluate
the robustness of the upscaling and integration methodology under heterogeneous
conditions, 57 single-layer Cartesian models were constructed with varied permeability
distributions. These included both structured trends (e.g. permeability increasing or
decreasing radially from the well) and fully random spatial heterogeneity across a wide
permeability range (0.01-1000 mD). This design ensured coverage of a broad spectrum
of geologically realistic variability, testing the method’s applicability to diverse
subsurface conditions.

To determine the minimum radial distance required for reliable permeability upscaling,
a series of tests were conducted using different averaging radii centred on the injection
cell. For each model, only the cells within the specified radius retained their original
permeability values, while the remainder were assigned contrasting values to introduce
heterogeneity. The averaging distance was incrementally increased in steps of 50 m,
100 m, and 200 m for the 50 m, 100 m, and 200 m Cartesian grid models, respectively,
extending up to approximately 12 km in the largest cases (Table 2). For lower-
permeability models, averaging distances between 0 and approximately 1.5 km were
systematically evaluated, whereas for higher-permeability cases, the investigated
averaging distance was adaptively defined based on the optimal distances identified in
preceding tests. The resulting upscaled permeability was used in the analytical model,
and predicted rates were compared against those from the numerical simulation. This
enabled assessment of the minimum upscaling radius needed to capture heterogeneity
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effects without calibrating between methods. For each test case, the predicted rate was
directly compared with its counterpart in CMG-GEM using the same underlying
permeability distribution. A summary of configurations tested is provided in Table 2.

Table 2 Summary of Radial Averaging Sensitivity Test Cases Used for Heterogeneous Models.

Model Averaging Radii Tested (m) Number of Notes

Type Cases

Cartesian 50, 100, 150, ..., 12000 25-30 Increased in 50 m steps up to ~12
(50m) km; range refined according to

permeability.

Cartesian 100, 200, 300, ..., 12000 15-20 Increased in 100 m steps; range
(100m) refined according to permeability.
Cartesian 200, 400, 600, ..., 12000 5-10 Increased in 200 m steps; range
(200m) refined according to permeability.

Results, summarised in Figure 2, show that as block size increases, a larger averaging
distance is required to compensate for coarse discretisation and heterogeneity. For
instance, with 200 m blocks, at least a 1 km averaging radius is needed to stabilise the
upscaled permeability for typical injection-rate predictions. In contrast, finer grids (e.g.
50 m blocks) achieve similar accuracy with averaging radii as small as 200-300 m.
Importantly, the effect of block permeability is nonlinear; higher-permeability cases
require longer averaging distances to adequately capture connected flow pathways
across the model domain.
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Figure 2 Recommended radial averaging distance for permeability upscaling as a function of
well-block permeability and grid resolution. Results are based on synthetic simulations with
homogeneous and heterogeneous distributions, showing the minimum averaging distance
required to achieve consistent injection rate predictions across three different block sizes



(50 m, 100 m, and 200 m). Well-block permeability is shown in Sl units (m?), corresponding to
0.1, 1, 10, 100, and 1000 mD, respectively.

393 3.3. Homogeneous Model Results and Grid Sensitivity

394 The comparison of analytical predictions against numerical simulation results for the
395 homogeneous test cases (Figure 3-Figure 5) shows that numerical simulation

396 consistently underestimates the transient gas injection rate even when using radial
397 grids. This deviation is not a result of input inconsistencies, as all models share

398 identical reservoir and fluid properties.

399 The underestimation observed in radial models is attributed to the inherent spatial

400 averaging within the simulation grid and numerical dissipation near the wellbore.

401 Despite using logarithmically spaced blocks to improve resolution in the near-field

402 region, the numerical model still cannot fully capture the sharp pressure gradients

403 assumed by the analytical solution, particularly at early times. All simulations were run
404 using a minimum time step of 10~° days (2.4 x 1072 hours) to ensure accuracy during
405 early transient flow (Sammon, 1988). This results in injection rates that are consistency
406 lower than their analytical counterparts at the selected comparison time (31 days or
407 744 hours). The comparison time of 31 days was selected to ensure that the initial

408  transient effects had sufficiently developed while still remaining within the early-time
409 regime, where boundary influences are negligible and the analytical solution remains
410 valid. As shown in Figure 3, numerical rates remain lower than analytical predictions
411 throughout the injection period, including very early times.
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Figure 3 Evolution of injection-rate ratios over time for radial and Cartesian coarse-grid (200 m
x 200 m) models. Curves show both the numerical-to-analytical rate ratio and, for reference,
the Cartesian-to-radial numerical rate ratio. Results are based on homogeneous models with
a permeability of 9.869 x 10°"° m? (10 mD), a thickness of 1.52 m, and a constant injection
pressure of 20.7 MPa. Despite using a minimum time step of 10 days (0.024 hours),
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numerical rates remain consistently lower than analytical predictions, primarily due to spatial
discretisation and geometric limitations in the numerical grid.

The discrepancy is more pronounced in Cartesian coarse-grid models, where the
uniform block size (200 m x 200 m) limits resolution around the injection cell. These
models significantly underestimate the flow rate compared to both the analytical
solution and the radial-grid simulations. The effect is geometric in nature and
independent of permeability distribution or pressure conditions. To further evaluate this
effect, a sensitivity analysis was conducted across a range of Cartesian grid resolutions
(5 mto 500 m), as shown in Figure 4. The results indicate that the underestimation is
reduced with finer grid resolution, but a noticeable gap remains even at 5 m resolution.
This suggests that further grid refinement yields diminishing returns and cannot fully
capture the early-time sharp gradients assumed in the analytical model.
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Figure 4 Effect of Cartesian grid resolution on numerical-to-analytical injection rate ratio over
time. Results are based on homogeneous models with permeability of 9.869 x 107° m?

(10 mD), thickness of 1.52 m, and a constant injection pressure of 20.7 MPa. Finer grids
improve early-time agreement with the analytical solution, but a consistent underestimation
remains even at 5 m resolution due to spatial averaging and pressure dissipation near the
wellbore.

These results highlight the importance of accounting for grid sensitivity when comparing
analytical predictions to numerical benchmarks. Temporal and spatial resolution tests
(Figure 3 and Figure 4) confirm that the observed underestimation arises from grid
resolution effects rather than inconsistencies in the analytical solution. Therefore, the
analytical predictions are taken as the reference, and a systematic correction factor
was derived from the relationship between analytical and coarse-grid (200 m) numerical
simulation results (Figure 5). This correction was then applied to the coarse-grid
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numerical results before comparison in heterogeneous models, ensuring a fair and
consistent basis for validation (e.g. Figure 6).
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Figure 5 Comparison between analytical injection rate predictions and nhumerical simulation
results for 12 homogeneous single-layer models with different assigned permeabilities.
Results from radial-grid simulations (filled circles) and coarse Cartesian-grid simulations
(open squares) are plotted against the corresponding analytical predictions. All models use
identical fluid and reservoir conditions. A 1:1 reference line is included alongside best-fit
power-law regression curves for each numerical dataset. Numerical simulations using both
grid types underestimate the injection rate relative to the analytical solution, with the deviation
being more pronounced for the Cartesian coarse-grid models due to discretization errors.

3.4. Heterogeneous Model Results

The performance of the proposed analytical method when using the improved upscaling
approach (section 3.2) for heterogeneous reservoir conditions is illustrated in Figure 6.
This compares analytically predicted injection rates to those obtained from CMG-GEM
numerical simulations on a Cartesian coarse grid, after applying the empirical
correction derived in Figure 5.

Plotted on a log-log scale, the figure includes a 1:1 reference line and a best-fit linear
regression through the numerical data. The resulting correlation is strong, with an R?

value of 0.9806, demonstrating that the analytical approach remains robust across a
wide range of geological variability.
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While the predictions cluster closely around the 1:1 line, deviations naturally increase
in cases with extreme heterogeneity or near-wellbore flow restrictions. The maximum
observed error reached 71.2%, while the average absolute error across all cases was
27.1%. Importantly, screening evaluations rely chiefly on the relative ranking of
potential injection sites rather than on absolute rate accuracy. In these heterogeneous
models, the prediction errors are largely systematic rather than random, meaning that
higher- and lower-performing locations remain correctly differentiated. Despite the
variations in absolute error, the method therefore preserves the relative performance
hierarchy required for high-level screening studies.

These findings confirm that the analytical model provides a reliable and
computationally efficient means of estimating injection rates across complex reservoir
conditions. When the numerical simulation results are appropriately corrected for grid
geometry and resolution effects (as established in the homogeneous tests), they align
with the analytical solution, offering a practical alternative to full-physics simulation in
large-scale screening workflows.

These findings provide practical guidelines for selecting the spatial averaging distance
during permeability upscaling for injection rate estimation.
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Figure 6 Validation of the analytical injection rate predictions against empirically corrected
numerical simulation results for 57 heterogeneous single-layer models with coarse Cartesian
grid (200 m x 200 m). Each point corresponds to a distinct permeability distribution, including
20 structured cases with controlled spatial variation and 37 randomly generated cases
(ranging from 0.07 mD to 1000 mD, or 9.869x1078 to 9.869x107"° m?). A strong correlation is
observed between analytical and numerical predictions despite local flow deviations caused
by heterogeneity. The fitted power-law regression (red) exhibits high accuracy (R? = 0.9806).
The grey dashed line represents the 1:1 reference line.
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3.5. Observed Limitations and Applicability

The validation results discussed in Sections 3.3 and 3.4 confirm that the proposed
analytical workflow can provide reliable estimates of pressure-constrained injection
rates under a range of geological conditions. Nonetheless, the method is based on a
number of physical and geometrical assumptions that define its domain of applicability
and inform its limitations.

A key assumption is that flow around the wellbore is approximately radial, particularly
within the individual compartments and intervals defined in the geological model. While
the presence of faults, baffles, or other large-scale heterogeneities could in principle
distort the radial symmetry of the pressure field, this challenge is explicitly addressed in
the implementation through compartmental segmentation. To preserve radial flow
behaviour and avoid geomechanical risks, blocks located within the permeability
averaging distance from sealing faults are excluded from injection rate calculations.
This ensures that only hydraulically connected and geomechanically suitable regions
contribute to the total injection rate estimate. This preserves the physical validity of the
radial assumption within each segment, even in geologically complex systems.

The model does not capture large-scale directional pressure gradients or regional
boundary effects that may influence long-term pressure build-up. It assumes a laterally
unbounded system at the screening scale, which is appropriate for early-time, short-
duration injection assessments, but may not reflect long-term basin-scale behaviour or
pressure interference between injection wells.

The methodology also assumes rapid displacement of brine in the near-wellbore region
upon injection onset. A residual water saturation is imposed immediately within the
analytical model using Corey-type relative permeability curves, with a maximum gas
relative permeability of 0.74. This simplification is intended to mimic the initial water
drainage process and maximise CO, mobility near the well. The method also neglects
more complex multi-phase flow interactions, such as water—-CO, phase interference,
which are generally of secondary importance during early-time injection. Hysteresis is
not expected to occur during ongoing injection and is therefore not explicitly
represented. While this assumption is reasonable for many high-permeability saline
formations, it may overpredict injectivity in tighter intervals or capillary-dominated
systems where drainage proceeds more slowly.

Importantly, the method does not account for gecomechanical stress responses, which
may become more significant under high-rate or long-term injection conditions. Other
near-wellbore processes such as skin effects, salt precipitation (dry-out), and non-
Darcy flow are also not represented; these could be incorporated if needed but are best
addressed through more detailed, site-specific studies. Despite these limitations, the
proposed workflow provides a practical, computationally efficient means for evaluating
near-well flow capacity and screening large numbers of candidate sites. Its ability to
integrate realistic permeability heterogeneity, stratigraphic layering, and
compartmentalisation while maintaining analytical tractability makes it particularly
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well-suited to regional storage assessments, regulatory scoping studies, and portfolio-
level ranking of prospective injection locations.

4. Field-Scale Application in a Regional 3D Model

4.1. The Regional Model

To evaluate the applicability of the proposed injection rate prediction workflow under
realistic geological conditions, the method was applied to a regional-scale 3D
geological model covering approximately 45 km x 26.6 km laterally. The model consists
of 226 x 133 x 230 blocks, where each grid cell has a uniform horizontal resolution of
200 m x 200 m. The vertical layering comprises 230 layers grouped into nine
stratigraphic intervals, with individual layer thicknesses ranging from 0.08 m to 18.56 m.
The overall depth of the model spans from 1,246 m to 2,406 m, reflecting the geological
variation across the domain. The model represents a structurally complex region within
the Malay Basin, Southeast Asia, characterised by multiple fault blocks, legacy wells,
and coexisting hydrocarbon fields and saline aquifers — making it a representative test
case for regional-scale CCS screening workflow.

The geological model comprises nine stratigraphic intervals, each representing a
distinct depositional system with varying petrophysical properties. To illustrate the
methodology, we focus on one interval interpreted as a lower coastal plain to marginal-
marine system dominated by low-energy overbank and floodplain deposits, interbedded
with channel sands and laterally extensive shoreface-mouth bar sands (Figure 7). Each
interval is structurally segmented into four compartments due to post-depositional
faulting, rather than depositional boundaries—particularly across three hydrocarbon
fields. While the results presented here focus on this illustrative interval, the analytical
method was rigorously validated across all nine depositional environments, including
fluvio-deltaic, shoreface-mouth bar, deep-water slope channel, and low-energy coastal
plain systems. One field (F1) is consistently divided by sealing faults into two isolated
compartments. In total, the modelincludes 36 unique flow segments, corresponding to
four structural compartments per interval. Hydrocarbon presence is confined to
localised areas within selected stratigraphic intervals, as shown in Figure 8Maximum
well rates were estimated for all grid blocks using the workflow described in Section 2.5
and Appendix A: Step-by-Step Workflow for Injection Rate Prediction, under the
general assumptions outlined in Section 2. In addition, , which illustrates mapped
fault-bounded gas accumulations and their spatial extent. Of the 36 intervals, 25
contain confirmed hydrocarbon zones, based on prior geological and reservoir
characterisation.
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Figure 7 Facies map of the example interval used to demonstrate the analytical workflow. This
interval represents a lower coastal plain to marginal-marine depositional system,
characterised by low-energy overbank and floodplain deposits (grey), narrow high-sinuosity
channel sands (red), and laterally extensive shoreface-mouth bar sands (green) with net-to-
gross ratios close to 1. Middle-energy sand bodies (yellow) and coal swamp deposits (black)
occur locally. White lines indicate post-depositional faults that structurally segment the
interval into four compartments.

The maximum allowable injection pressure in each well-block is constrained by a
geomechanical failure criterion. Specifically, the pressure increase above initial
reservoir pressure is limited to 90% of the estimated fracture pressure, consistent with
conservative regulatory practices (EPA, 2010). For the illustrated interval, the initial
reservoir pressure ranges from 13.4 to 22.8 MPa, the maximum allowable injection
pressure ranges from 22.1 to 36.9 MPa, and the corresponding allowable pressurisation
is between 8.7 and 14.1 MPa. This limit is estimated using input data on rock strength,
stress state, and depth, and is based on a stress-based formulation adapted from
fracture pressure constraints. This is purely for illustration — in practice the engineer
may choose to undertake a more sophisticated calculation of the fracture pressure.

Maximum well rates were estimated for all grid blocks using the workflow described in
Section 2.5 and Appendix A: Step-by-Step Workflow for Injection Rate Prediction, under
the general assumptions outlined in Section 2. In addition, four potential well-blocks
from the selected interval and a further 16 potential well-blocks distributed across
other intervals were used to validate the method’s general applicability and to compare
estimates with those obtained using the upscaling approach of Soeriawinata et al.
(1997).



552

553

554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573

Brine/HC Flag

Brine

Figure 8 Structural depth map (top reservoir) for a representative interval within the regional
3D geological model. Depth contours (in metres TVDSS) are shown in blue, while mapped fault
traces are overlaid in white. Red-shaded areas indicate hydrocarbon-bearing regions as
defined in the static model. The map demonstrates the presence of multiple structurally
isolated compartments and highlights that hydrocarbon occurrences are confined to limited
areas within each interval.

4.2. Results

Figure 9 and Figure 10 show the results for the illustrated interval. The injection-rate
maps in Figure 10 are computed for every valid block in the interval, providing
continuous spatial coverage. The four test wells shown are a subset of the 20 randomly
selected candidate locations used to validate the analytical rate predictions against
detailed numerical simulation (CMG-GEM) across the regional model. They are included
here only as visual reference points and are not used to generate the maps themselves.
Figure 9a shows the original permeability distribution, and Figure 9b presents the
corresponding averaged permeability field obtained using the proposed radial upscaling
approach. The upscaled map retains key geological features, including several high-
permeability channel-like trends, while smoothing sub-block scale variability —
preserving hydraulic continuity critical for flow prediction. Figure 10 illustrates the
spatial distribution of predicted CO. injection rates for every potential well-block in the
interval by layer (Figure 10a) as well as aggregated over all the layers (Figure 10b). Figure
10a reveals strong spatial correlation with the underlying reservoir properties,
confirming that the predicted rates are closely related to the geological heterogeneity of
the layer. While the majority of the layer exhibits low injectivity (< 0.01 Mt/yr), there are
distinct corridors of elevated injection capacity, often associated with high-permeability
features and structurally open compartments. In contrast, regions adjacent to sealing
faults or dominated by low-permeability facies do not provide good potential injection
sites.
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Figure 9 Permeability distribution in an example layer of a regional-scale 3D geological model.
(a) Original horizontal permeability extracted directly from the static model. (b) Upscaled
permeability computed using the proposed radial averaging method, applied locally within
each well-centred region. The upscaled map retains key geological features such as high-
permeability channels and barriers, while reducing small-scale variability to enable physically
consistent injectivity prediction. White lines represent sealing faults that segment the model
into independent compartments. Four out of the twenty test wells are located within this
interval and are marked on the maps.

To assess the full injectivity potential of the entire interval, Figure 10b shows the
aggregated mass injection rate, computed by summing the block-level predictions
vertically across all 28 layers along each (i, j) column. This interval-scale map highlights
key injection corridors with cumulative rates exceeding 1 Mt/yr in several locations,
providing high-resolution insight into well siting options and subsurface connectivity.
The contrast between Figure 10a and Figure 10b underscores the importance of
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accounting for vertical stacking of permeable units when evaluating injection feasibility
in multi-layered saline aquifers or depleted formations.

Overall, these results demonstrate that the proposed method can resolve both fine-
scale heterogeneity and large-scale injection trends with high computational efficiency
— enabling basin-scale screening of potential CO, storage sites across hundreds of
thousands of locations.
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Figure 10 Predicted CO; injection rates based on the proposed analytical method applied to a
regional-scale 3D geological model. (a) Layer-wise distribution of mass injection rate (Mt/year)
for a single representative layer within one selected interval. (b) Total mass injection rate map
for the same interval, obtained by summing the contributions of all layers along each ij
column. Results reflect the influence of local permeability, compartmentalisation, and fault
boundaries on spatial injection capacity. Four out of the twenty test wells are located within
this interval and are marked on the maps.
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To further evaluate the impact of the proposed radial upscaling method, statistical
comparisons were performed between the original and averaged permeability fields
across the full regional model (excluding cells associated with non-reservoir facies,
such as coals, which were assigned extremely low values). The original permeability
distribution is highly heterogeneous, spanning over seven orders of magnitude (from
0.0001 mD to 2000 mD), with a mean value of 15.9 mD and a standard deviation of

52.0 mD. This reflects the geological complexity of the system, including interbedded
channelised and low-energy facies. After applying the radial averaging scheme, the
resulting distribution remains broad but becomes more centralised, with the maximum
value reduced to approximately 911.8 mD, a lower mean of 12.1 mD, and a substantially
reduced standard deviation of 31.1 mD. These changes reflect the dampening effect of
radial averaging on extreme permeability contrasts, particularly the down-weighting of
isolated high-permeability features. The resulting field is smoother and more
representative of the effective transmissibility near injection wells, enabling more
physically realistic injection rate predictions across highly variable geological settings.
This effect is illustrated in Figure 11, which shows the frequency distribution of the
averaged permeability field. Compared to the original, the smoothed histogram exhibits
a narrower spread and more centralised profile, reflecting the mitigation of extreme
contrasts by the radial upscaling method.
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Figure 11 Frequency distributions of horizontal permeability in the regional model before and
after radial averaging. (a) Original permeability field extracted from the static geological model,
showing a highly heterogeneous distribution spanning over seven orders of magnitude. (b)
Upscaled permeability field generated using the proposed radial averaging method, which
smooths extreme values while preserving geological trends.

Figure 12 presents a quantitative comparison of the predictive accuracy, specifically
showing the absolute percentage error in the injection rate calculated at 20 test
locations. The errors are shown for two analytical methods: (i) the analytical upscaling
and workflow described in section 2.3 and (ii) the same workflow but with permeability
averaged using the method of Soeriawinata et al. (1997). The errors for both methods
are calculated relative to the empirically corrected full-physics simulation using CMG-
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GEM, which serves as the reference benchmark. All results were converted to mass
injection rates (Mt/year) using a standard CO, density of 1.857 kg/m?®. Across the 20
cases, the proposed method exhibited significantly closer agreement with numerical
simulation results, while the Soeriawinata-based approach consistently
underestimated injection rate. To ensure a fair comparison, systematic correction
factors derived from homogeneous benchmark cases was independently applied to the
numerical simulation results prior to evaluating each analytical method. After this
adjustment, the average prediction error of the proposed method 12.7%, with a
maximum deviation of 30.1 Under identical conditions, the Soeriawinata et al.’s
approach exhibited larger and more systematic errors, with an average and maximum
error of 21.8% and 75.8%, respectively., with a lower R? value (0.9389) compared to our
method (0.9715). As their approach only replaces the permeability averaging step
(Steps 2-3), the remainder of the workflow remained identical. Despite its more
complex mathematical formulation, their method delivered less accurate predictions
than the simpler and more scalable radial averaging proposed here.

These results confirm that the proposed method can be successfully applied to large,
geologically realistic 3D models, accounting for structural complexity, permeability
heterogeneity, and realistic fluid behaviour. Its ability to deliver accurate mass-based
injection rate estimates without reliance on dynamic simulation underscores its
suitability for high-throughput screening of candidate injection sites across basins or
regions.
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Figure 12 Comparative Absolute Error in Injection Rate Prediction. Absolute percentage error
for the proposed analytical method (green bars) compared against the method of Soeriawinata
etal. (1997) (red bars) across 20 test cases from a regional 3D geological model. The
numerical simulation (CMG-GEM) results used as the reference benchmark were empirically
corrected for grid-related artifacts established during homogeneous validation tests. The
cases on the x-axis are indexed and sorted by the ascending error of the proposed method to
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clearly illustrate performance. The figure demonstrates that the proposed radial averaging
technique consistently yields significantly lower absolute error, confirming its superior
predictive accuracy for rapid screening applications.

4.3. Runtime and Computational Efficiency

The proposed workflow was applied across all potential injection sites in the regional
model, and the subset of test wells was chosen post hoc for focused comparison. To
assess the scalability and computational feasibility of the proposed injection rate
prediction workflow, the method was applied to the full 3D regional geological model
described in section 4 covering an area of ~1,200 km? consisting of 226 x 133 x 230 grid
blocks, totalling approximately 6.91 million active cells. These blocks correspond to
270,522 unique injection spots (i.e. ij-columns within each stratigraphic interval), where
mass injection rates were estimated individually before aggregating the results.

The entire workflow, as shown in Figure A-1, was executed on a high-performance
workstation equipped with an Intel® Core™ i9-13900K processor (24 cores), 128 GB of
RAM, and Windows 11 Enterprise. The process was run in MATLAB with parallel
execution enabled where possible. The total runtime for processing all 270,522
potential injection sites was approximately 274.10 seconds (around 4.5 minutes). Table
3 summarises the breakdown of runtime across each step of the workflow.

Table 3 Runtime breakdown of each step in the proposed injection rate prediction workflow,
executed on a high-performance workstation with 128 GB RAM and a 13" Gen Intel® Core™ j9-
13900K processor. Parallel computing options in MATLAB were enabled where applicable.

Step Description Runtime (s)
1 Data import and pre-processing 5.12
2 Determine weight factors 0.01
3 Radial permeability upscaling 190.18
4 Determine fluid properties locally 61.95
5 Compute mass injection rate 6.26
6 Aggregate block-level results (along ij columns) 0.08
7 Export results 10.49
Total 274.10

Steps 3 and 4 — corresponding to permeability upscaling and fluid property evaluation
— represented the most computationally intensive stages. Nonetheless, the total
runtime remained under five minutes for the full regional model, validating the method’s
suitability for large-scale, high-resolution screening applications.

This level of efficiency provides a substantial advantage over detailed dynamic
simulations. For conventional full-physics simulation, estimating the injection capacity
of a single well location (i.e. a single ij-column within an interval) can require
approximately 7-8 hours on the same computational resources, especially when
accounting for model setup, fluid property calibration, and run-time convergence. For a
full regional model with over 270,000 potential injection spots (i.e. 226 x 133 potential
locations per interval across 9 stratigraphic intervals), such an approach becomes
computationally prohibitive — potentially requiring years of cumulative runtime, not



663
664

665
666
667
668
669

670

671
672
673
674
675

676
677
678
679
680
681

682
683
684
685
686
687
688
689
690
691
692
693
694
695

696

697
698
699
700

including the overhead of preparing and validating thousands of separate simulation
inputs.

In contrast, the proposed analytical workflow performs all rate predictions in a single
integrated run, while stillincorporating essential physical features such as spatial
permeability variability, pressure-dependent fluid properties, and stratigraphic layering.
This enables consistent, rapid, and physically grounded screening of CO, storage
potential across regional basins or entire portfolios of candidate sites.

5. Conclusions and Broader Implications

This study demonstrates that rapid, physics-based prediction of pressure-constrained
CO, injection rates can be achieved in large and geologically complex geological
models without the need for fine-grid, detailed simulation. Central to the workflow is a
radial permeability averaging scheme that captures near-wellbore heterogeneity and
provides an effective permeability suitable for coarse-grid screening analyses.

The workflow also incorporates a geomechanically consistent treatment of safe
injection pressure. The maximum allowable pressure at each location is determined
from formation strength, overburden stress, and pore pressure, with the permissible
pressure increase limited to 90% of fracture pressure in line with EPA Class VI guidance.
This ensures that predicted injection rates remain both operationally realistic and
compliant with established regulatory safety criteria.

The method was tested on both synthetic cases and a full 3D, geologically consistent
regional model with 230 layers, and full facies-constrained porosity and permeability
distribution covering an area of ~1,200 km? and depth range of ~1,250-2,400 m TVDss.
The numerical model contains over 6.9 million cells and 270,000 potential injection
sites. The results show strong agreement with CMG-GEM simulations, with an average
error of ~12.7% and a maximum error of ~30.1%, while completing the full screening
computation in under 5 minutes using parallelised MATLAB routines. Key implications
of this work include:
e The workflow bridges the gap between full-physics detailed simulation and rapid
analytical screening, enabling basin-scale assessments within minutes.
e The method’s robustness across heterogeneous and compartmentalised
systems supports its integration into early-stage storage site ranking workflows.
e The approach provides a transparent, physics-grounded foundation that can be
adapted for hydrogen, natural gas, or geothermal injection analysis.
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Appendix A: Step-by-Step Workflow for Injection

Rate Prediction

Each step of the process is outlined below and the overall workflow is visualised in the
accompanying flowchart (Figure A-1). While the diagram presents the sequence
linearly, in practice Steps 2-5 are repeated in a loop for each potential injection location
across the domain. The goal is to screen thousands or millions of possible sites,
allowing rapid identification of injection sweet spots across large and geologically
complex regions.

1.

Data import and pre-processing: Pressure, temperature, permeability,
thickness, segment IDs, and other relevant inputs are imported. This could be
from Petrel-exported files or other static modelling software. The maximum
injection pressure is assigned. This could be the maximum safe pressure using a
geo-mechanical constraint or the maximum pressure associated with the
facilities. Undefined cells are automatically identified and excluded based on
flagged values. This step needs to be performed only once.

Determine weight factors: Logarithmic weight factors are computed based on
radial distance bins surrounding each injection location via Eq. 7. If the model
has uniform lateral grid spacing, a fixed wellbore radius for all wells, and a
constant ky/kx ratio across the domain, this step may be performed once and
reused across all locations. Otherwise, it is repeated per site.

Radial permeability upscaling: The effective near-wellbore permeability is
calculated using a distance-weighted harmonic average, as defined in Section
2.3. This step (and the ones that follow) are repeated for each valid injection
spot.

Determine fluid properties for each well-block based on local pressure and
temperature.

Compute the mass injection rate: Using the pressure-dependent properties and
the maximum allowable injection pressure, the mass injection rate is computed
for each block using the pseudo-pressure-based transient model. The full
integral form is solved, with optional use of the pressure-squared approximation
where justified.

Aggregate block-level results: Block-level injection rates are summed along the
vertical direction (k-axis) for each (i,j) column and stratigraphic interval.
Although block-level rates are summed vertically, gravity effects are already
accounted for because each block’s injection rate is calculated using depth-
specific initial and maximum allowable pressures; the summation simply
aggregates these depth-adjusted rates across the interval. This effectively
reduces the 3D problem to a 2D map of injection potential. If perforations are
not assumed across the full interval thickness, unperforated cells can be
excluded via zero multipliers.



745 7. Exportresults: The final mass-based injection rates (in Mt/yr), along with

746 relevant diagnostic parameters, are exported to support integration with

747 geological characterisation, mapping, and visualisation workflows. Cells

748 previously flagged as undefined (e.g. due to pinch-outs or inactive zones) remain
749 excluded from the output to preserve structural consistency. This step needs to
750 be performed only once.

Step 1:
Data import and pre-processing

Step 2: Determine weight factors

{ (Egs. 2-3) )
{ l ™\
Step 3: Radial permeability upscaling
(Eq.1 & Eq. 4)

. W

! Step 4: Determine fluid properties locally )
(EoS, Empirical etc.)

'

.
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Step 5: Compute mass injection rate
(Egs. 5-8)
Ty =t !
( ™\

Step 6: Aggregate block-level results
(along ij column)

'

/ Step 7: Export results /

Figure A-1 Schematic workflow for rapid injection rate prediction based on radial permeability
upscaling, pressure-dependent fluid properties, and transient flow modelling. The process
operates on 3D static models and is designed for efficient application to large-scale CO,
storage screening. The process operates on 3D static models and is designed for efficient
application to large-scale CO, storage screening. While presented linearly, Steps 2-5 are
internally looped for each injection location across the domain. Equations used in each step
are referenced in parentheses.

The workflow is modular by design, allowing users to replace or adapt individual
components as required — for example, applying alternative equations of state,
viscosity correlations, or relative permeability functions. Although this study focuses
on CO, injection, the same framework can be readily applied to other injection
scenarios, such as hydrogen storage or wastewater disposal.
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