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ABSTRACT

Rock heterogeneity has a significant effect on immiscible displacement. This
is especially true when the mobility ratio of the two fluids is unfavorable,
favoring unstable displacement. However, this is not taken into account in
the numerical analysis of classical core flooding experiments to quantify two-
phase flow properties using Special Core Analysis (SCAL). Our approach
combines the modern interpretation of SCAL data with experimental data
measured on rock samples for which the homogeneity assumption—a
prerequisite for SCAL experiments—can no longer apply due to their size and
heterogeneity. In contrast to other studies that take heterogeneities into
account, we focus on simple-to-perform unsteady-state experiments. We
analyze these experiments by numerical interpretation using homogeneous
and heterogeneous simulation domains and by introducing porosity-based
heterogeneity and permeability as well as capillary scaling. In the current
study, we first question the applicability of standard relative permeability
measurements to heterogeneous rocks and fluids with an excessively high
mobility ratio, such as for CO,-brine displacement in heterogeneous rocks.
However, we show that they describe two-phase flow very well when
porosity-based heterogeneity is taken into account, which is equivalent to
downscaling. The study thus shows a way to fall back on established standard
measurements if it should be possible to account for subgrid heterogeneities
in SCAL workflows. To this end, we propose an approach based on steady-
state experiments and appropriate sample selection.
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1. INTRODUCTION

Among the many applications that require accurate predictions of two-phase fluid displacements are
hydrocarbon recovery and geologic CO, storage. However, the unexpected migration of carbon dioxide
during CO: injection highlights the need to better understand the underlying mechanisms, especially in
heterogeneous reservoirs (2, 15, 29, 33). It is well known that rock formations are heterogeneous at
various scales. However, experiments to measure flow properties require samples in which the rock
properties are well represented and are not dependent on the specific sample volume, i.e., a volume
larger than the representative elementary volume (REV) (4). As a result, the design and interpretation of
multiphase flow property measurements is challenging because the definition of an REV depends on
both the scales of heterogeneity and the nature of the property being measured (13, 16, 45, 50). Due to
the dependence of capillary forces on heterogeneity, local variations in saturation states during
immiscible displacements are known as 'capillary heterogeneity'. This effect can be conceptualized in
terms of the spatial variability of capillary pressure saturation functions (11). This phenomenon has
practical implications since the measurement of multiphase flow parameters is affected by the scale of
investigation (17, 23, 44). Submeter-scale rock heterogeneity, such as laminations and bedding, can
significantly affect fluid flow properties and should be considered when modeling or predicting fluid
flow at larger scales (5, 17, 49). This effect is particularly pronounced in multi-scale heterogeneous
carbonates and for strong fluid-viscosity contrasts, such as CO-brine displacement.

In conventional reservoir simulation workflows, small-scale heterogeneity is not explicitly captured due
to the typically large grid block sizes to which multiphase flow properties are assigned (12, 18, 42). A key
input function in immiscible displacement is the relative permeability, which controls displacement and
sweep efficiency. Typically, laboratory and special core analysis (SCAL) measurements are performed on
homogeneous samples that do not accurately represent the average property at the discretization size
of a reservoir model. This poses a significant challenge to the characterization or measurement of relative
permeability. To illustrate this point, we can compare the size of a SCAL plug, which is in the order of
centimeters, to a typical grid block in a reservoir simulation, which can be orders of magnitude larger.
Our understanding of the process of upscaling homogeneous rock/fluid properties (SCAL) to the next
larger scale is limited because of the typically limited information available from the subsurface about
mesoscale heterogeneity, but also because of our inability to describe rock heterogeneity well enough.
Several approaches have been developed to characterize capillary heterogeneity in rock cores (5, 19, 20,
21,22, 24, 32, 38, 39, 43). However, uncertainties remain in the characterization and description of more
complex rocks, especially for multiphase flow along fractional flow curves and for different flow rates (6,
7).

There are workflows from the pore scale to the meter scale that provide new opportunities to
systematically upscale multiphase flow for reservoir applications (25). These workflows combine
laboratory measurements, such as core flooding, with in situ imaging methods at various scales and
digital rock physics with upscaling schemes that incorporate capillary pressure heterogeneity into the
analysis. With rigorous upscaling, small-scale effects can be incorporated into continuum-scale models
by interpreting them through numerical modeling using an optimization routine; effective petrophysical
parameters and relative permeability saturation functions are calculated, and their uncertainties are
included (3, 10, 16, 25, 38, 46). In practice, however, the implementation of sample heterogeneity for
relative permeability interpretation refers to downscaling rather than upscaling, unless the heterogeneity
is represented in a reservoir grid block.

In addition to the core-scale workflows mentioned above, there is a well-established body of work on
deriving relative permeability and capillary pressure directly from pore-scale simulations. Pore-network
models, for instance, describe the pore space as interconnected pores and throats, making it possible to
simulate multiphase flow under various wettability conditions (7, 8, 27, 34, 41, 47). Similarly, lattice
Boltzmann methods and similar direct numerical simulations capture interfacial dynamics in micro-CT
images of rocks (1). Although these approaches provide valuable insights into pore-scale physics, they
often require detailed digital rock imaging and can be computationally demanding. They also raise issues
of upscaling, as relative permeability and capillary pressure relationships must be integrated over
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potentially complex heterogeneities. The present study therefore focuses on unsteady-state experiments
on larger, more heterogeneous rock samples, bridging the gap to scales where heterogeneity plays a
dominant role.

The Estaillades limestone is a candidate rock sample with a high degree of heterogeneity. It has been
shown that traditionally measured relative permeability saturation functions are insufficient to represent
a rock volume that is an order of magnitude larger (37). In a follow-up investigation, we developed a
rigorous and fully stochastic SCAL analysis workflow and applied it to steady-state and centrifuge
experimental data on decane-brine primary drainage in Estaillades. The analysis provided confidence
intervals for the combined measurements and sample-to-sample variation (3). The present study
compares these results to larger scale unsteady state (USS) core flooding experiments using 1D
homogeneous simulation domains. By assuming homogeneity, which is traditionally the case for SCAL
data interpretation (31), the analysis of the USS experiment directly provides the upscaled k,.(S,,).
including the confidence interval, which is representative for the specific sample size. In a second step,
we implement the X-ray computed tomography (CT) porosity profile and the resulting capillary
heterogeneity and permeability profiles. By history matching the USS experiment to the 3D
heterogeneous domain, we can determine the true k,.(S,,) and the effects of heterogeneity on the scales
studied.

Using decane-brine and CO,-brine transient experiments, we investigate the effect of heterogeneity on
the relative permeability. Using the water-wet reference case, previous steady-state measurements are
directly compared to the system under study. In this step-by-step approach, heterogeneity is introduced
by first considering a 1D homogeneous simulation domain, then a 1D heterogeneous simulation domain,
and finally a 3D heterogeneous domain. As a result, we perform a full stochastic analysis for
homogeneous 1D cases. Using simple history matching, we derive the base case k,(S,,) for the 1D
heterogeneous domain, which is also used for 3D simulations. As the fluid pairs and simulation domains
become more complex, we ensure that the method is robust and able to handle a wider range of
heterogeneities. Using this methodology, we can gain valuable insights into the validity and limitations
of the current SCAL procedures and develop alternative methods and upscaling workflows for the
calculation of saturation functions. The developed numerical workflow can be extended to other highly
heterogeneous and demanding rock-fluid systems.

2. EXPERIMENTAL AND NUMERICAL METHODS

In this work, the experimental results are based on those published in Ott et al (37). The experiments
were performed on Estaillades limestone samples with a length of 15 cm and a diameter of 7.5 cm. The
average porosity and the average permeability of the rock sample were measured to be ¢ = 0.297 and
K =260 mD, respectively.

The experiments were performed at a pressure of 100 bar and a temperature of 50°C, which corresponds
to a reservoir depth of about 1000 m at which the injected CO; is in a supercritical (sc) state. At this
thermodynamic condition, the CO,, decane, and brine phases have densities of p;p, = 384.67 kg/m?,
DPaecane = 7107.3 kg/m3, and pprine = 1001.2 kg/m3, and viscosities of pcp, = 0.0309 P, Ugecane =
0.619 cP, and Uprine = 0.576 cP, respectively. To investigate the primary displacement process of brine
by CO,, a sample was first saturated to S,, = 1 and then flooded with scCO,. A reference measurement
was performed on the same sample using decane as the injection phase. Since the SCAL measurements
(37) were performed with the same fluid pair and on the same rock type from the same block of the
Estaillades outcrop, the decane-brine experiments serve as a reference and are directly comparable to
the previous SCAL interpretation (3). The flooding experiments were conducted in USS using constant
injection rates of 0.25 ml/min for decane injection and 0.44 ml/min for CO; injection. These flow rates
correspond to a capillary number of Ca ~ 5 x108 for decane-brine and Ca ~ 6 x107 for CO-brine.
During the experiments, the pressure drop was measured, and the up-front 3D porosity profiles as well
as the 3D saturation profiles were obtained using differential imaging conducted during medical CT
scanning. Production curves were determined by monitoring CT saturation. In Figure 1, the saturation
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decane-brine

Figure 1: Computed tomography images taken during decane-brine (top) and CO,-brine (bottom)
primary drainage experiments. Both experiments were performed in sequence on the same rock
sample. The data were recorded in differential imaging to highlight the saturation distributions for the
invading decan and CO.. The initial rock-fluid system is shown as a semitransparent background. Note
that the saturation thresholds are comparable but arbitrarily chosen to highlight the heterogeneity in
the saturation distributions. The absolute saturation values are shown in Figure 2 c,f and Figure 4 c,f
for 1D saturation profiles and in Figure 6 a,e for 3D volumes.

profiles for the displacements of decane-brine (top row) and CO;-brine (bottom row) are shown in
orange and the initial rock-fluid system is semitransparent in the background. Both experiments were
performed in a sequence on the same rock sample. The experimental details can be found in Ott et al
(37).

The simulations performed in this study use the MATLAB Reservoir Simulation Toolbox (MRST). The
experiments are simulated as displacement of immiscible, incompressible fluids, and consequently the
material balance for incompressible two-phase flow and two-phase Darcy's equation (momentum
balance) are solved. The input parameters are the measured sample porosity and permeability, the CT-
based 1D and 3D porosity profiles, and the fluid phase densities and viscosities as given above. The
simulation results are then subjected to history matching, which matches and optimizes the simulation
results to the experimental measurements. MATLAB's global optimization module was used to
accomplish this task. Based on genetic or active-set algorithms, this module performs a constrained
nonlinear optimization to introduce essential inequalities consistent with the saturation function
parameters in the study. After achieving the best fit, we examine the response surface around the optimal
solution and determine the sensitivity of the optimal solution using Markov Chain Monte Carlo (MCMC),
specifically the Delayed-Rejection Adaptive-Metropolis (DRAM) algorithm. As a result of the DRAM
approach, the MCMC sampler becomes more efficient and can handle high-dimensional problems
resulting from the large number of parameters inherent in saturation functions. An optimal solution to
the complex task of history matching and uncertainty analysis is provided by the combination of
numerical techniques and simulation methods. Amrollahinasab et al (3) discusses the methodology and
how it is applied to transient experiments in the current study. The analysis and numerical treatment of
the rock heterogeneity is part of the results and is embedded in the following chapter.

3. EXPERIMENTAL AND NUMERICAL METHODS

3.1. Data Interpretation Assuming Homogeneity

In the classical SCAL interpretation, it is assumed that the samples are homogeneous and can be
described with a homogeneous 1D simulation domain. To fulfill this assumption, the samples must be
carefully selected and must correspond to a representative elementary volume (REV). As a result, the
samples are quite small with diameters of 1 or 1.5 inches and a length of a few centimeters. The
evaluation of the experimental data usually provides a single set of relative permeability k,.(S,,) and
capillary pressure P.(S,,) saturation functions, which in themselves require no further interpretation. In
reservoir simulations, these saturation functions are then assigned to rock types, with heterogeneity
accounted for by a Leverett-J scaling of P.(S,,) (26). An individual grid block is then assigned to a single
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Figure 2: The experimental responses (symbols) of the decane-brine (top row) and CO»-brine (bottom
row) displacement experiments in Figure 1 and their numerical interpretation. From left to right:
Pressure difference and brine production curve as a function of time, and the decane and CO,
saturation profiles at two consecutive time steps, as indicated in the legend. The lines correspond to
forward simulations using SCAL data (petrol, SCAL 1D homo/hetero) and to numerical 1D history-
matching results using 1D homogeneous and heterogeneous simulation domains (blue, Corey and red,

LET (28)) computed from the CT density profile (light blue). Detailed descriptions of the relative
permeability representations and uncertainty intervals are given in the text and in the legend.

set of k,.(S,) and P.(S,,) saturation functions, meaning that the grid block is described as
homogeneous in all respects.

In contrast to small-scale SCAL experiments, core flooding at larger scales is typically influenced by
sample size and heterogeneity, leading to sweep effects (5, 37). To interpret the data numerically, there
are two possibilities: a) including rock heterogeneity explicitly in the simulation model to obtain "true”
saturation functions, which effectively refers to a down-scaling, and b) ignoring rock heterogeneity, i.e.
assuming a homogeneous and representative rock volume. We can assume that in the latter case we will
not find the same relative permeability as for case (a), but an effective k,.(S,,) that is representative of
the investigated volume. We refer to this as the upscaled k,.(S,,), which may still be scale dependent.

Using a 1D homogeneous simulation domain (case (b)), we first derive the relative permeability from the
larger scale USS experiments. Using the SCAL-derived k,.(S,,) and P.(S},) (3), we first forward-simulate
the displacement to check the validity of the SCAL input. In a second step we try to match the
experimental data to determine k,.(S,,) using MICP-derived P.(S,,), data typically available from
routine core analysis. The MICP curve is scaled according to the interfacial tension (IFT) for the primary
drainage (Eq. 1):

gcos@
P.(0) = oroy cosbreg Perefs (1

where oy is the mercury-air IFT (480 mN/m), 6,7 is the corresponding contact angle, which is
assumed to be the same for both non-wetting fluids (6. = ). o is the IFT of the decane- or CO-brine
systems, which are assigned 45 mN/m and 40 mN/m, respectively (14). The closure correction is also
applied to the MICP using the methodology presented in McPhee et al (31). The pressure drop and data
were then fitted by varying k,(S,,). The comparison of the MICP-scaled decane-brine P.(S,,) with that
derived from SCAL measurements, including the uncertainty range, is reported in a previous study (3)
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and is shown in Figure 3 c,f for decane-brine and CO;-brine; the scaled MICP curve is well within the
uncertainty range of the SCAL data, except for the inlet pressure.

Due to the common rock-fluid system (decane-brine), the SCAL-interpreted k,.(S,,) and P.(S,,) from
our previous study (3) can now be directly compared with the decane-brine USS flooding experiment.
Forward simulations of the USS process using the SCAL-derived saturation functions showed large
deviation between the predicted and experimentally observed results; the pressure drop and the brine
production curve are strongly underestimated, as shown in Figure 2 a,b — the SCAL data obtained from
small samples are not directly applicable, not even to the next larger scale investigated.

A good match is achieved by history matching the experimental data using the two commonly used
parameterizations of k,.(S,,), Corey (9) and LET (28). The Corey parameterization was used and the
residual decane saturation and the corresponding endpoints were fixed at S,, = 1 and k,.(S,, = 1) =
1, corresponding to a primary drainage process, but all other parameters were free and could be
matched. Figure 2 shows the matched experimental pressure drop, production curve, and saturation
profiles. The results show that the cumulative brine production and the pressure difference generally
agree well, with some deviations in the transient part and especially at the breakthrough point, although
the saturation profiles simulated on a homogeneous domain cannot reflect the experimental profiles in
most cases.

An alternative method for matching experimental measurements using 1D homogeneous models is the
LET parameterization, which offers more flexibility but also requires more fitting parameters. Markov
Chain Monte Carlo simulations were used for the uncertainty analysis, similar to the SCAL results (3). It
is important to note that in the present case, P.(S,,) remains constant with respect to the scaled MICP
discussed earlier.

Figure 3 a,b show the history match results and quantified uncertainty ranges along with the best fits
from the SCAL interpretation. Even if the experimental responses are perfectly described with the LET
model, the relative permeability curves deviate significantly with the state-of-the-art SCAL k,.(S,,). On a
larger scale, the fluid phases show significantly lower mobility and are in fact well outside the confidence
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Figure 3: Relative permeability saturation functions resulting from history matching on 1D
homogeneous and 1D heterogeneous simulation domains. The capillary pressure functions on the right
are used as input (see text). The top row panels (a) to (c) show the HM results of the decane-brine, and
the bottom row panels (d) to (f) show the results of the CO,-brine displacement experiments. From left
to right: k,. on a linear and logarithmic scale, and P, on a logarithmic scale. The squares correspond to
the SCAL results measured on a smaller scale and considered homogeneous.
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intervals given for both the SCAL data (3) and the USS LET data. As expected, the simulated saturation
profiles in Figure 2 show poor agreement with the experimental; in particular, a homogeneous
simulation domain cannot represent a saturation state in heterogeneous rock sample, but the overall
material balance as represented by the brine production curve is accurate.

The same procedure was applied to the CO;-brine displacement experiment, with the results shown in
the bottom row of Figure 2. A similar picture can be drawn as that for the decane-brine experiment. A
history fit using homogeneous rock properties, a LET representation of k,.(S,,) and the MICP derived
P.(S,,) shows a good fit to the experimental responses in Figure 2 d,e; the MCMC confidence interval
(P10 to P90) covers the experimental data points well. Figure 2f shows the saturation profiles for two
consecutive time steps. Again, the complexity of the experimental saturation profile cannot be matched,
but the material balance can be. The resulting k,.(S,,) values are shown in Figure 3 d,e. A similar
tendency is observed for the CO;-brine system as for the decane-brine system discussed above, with
k,-(Sy) showing a distinctly different behavior than that derived by SCAL.

Using a 1D homogeneous model match data from homogeneous rock samples, we conclude the
following: a) History matching complex experimental data with assumed homogeneous rock properties
allows an accurate description of the experimental AP and the brine production curve. b) Due to the
homogeneity assumption, the simulated saturation profiles S,,(x) cannot match the complex
experimental profiles, but are in agreement with the material balance. c) For the investigated sample
volume, k,(S,,) can therefore be considered as upscaled and representative by the homogeneity
assumption, however it differs significantly from the SCAL-derived k,(S,,) and may still be scale-
dependent.

3.2. Introducing Heterogeneity

To capture the diverse saturation profiles shown in Figure 2 c,f, we use the approach developed by
Hosseinzadeh Hejazi et al (16). In this method, core heterogeneity is addressed by adjusting the capillary
pressure within each grid block. Our implementation divides the 1D simulation domain into 2 mm slices,
which allows for a detailed representation of the sample heterogeneity. Each slice, denoted as j, is
uniquely defined by its capillary pressure ch(S), porosity ¢;, and absolute permeability K;. This method
allows for the evaluation of small-scale fluid saturation variations due to capillary heterogeneity by
analyzing changes in the capillary entry pressure of each grid (16). According to the Brooks-Corey model
(9), the entry pressure, Py, is a critical parameter, leading to the scaling relation (Eq. 2):

j 1 de ]
P (S) = ]?PC(S) = P—ch(S) j=1,..,N, @)
]

where f; is the scaling factor for each grid j, N is the total number of elements, and Py; is the entry
pressure for the jth element. The reference capillary pressure curve, P.(S), is determined by SCAL
experiments. Using Brooks-Corey parameters for this reference curve allows one to accurately model
system capillary pressures. Porosity and permeability spatial variations are evaluated using the Leverett-
J function, J(S), which is defined as (Eq. 3):

J(S) = ng(S)_ 3)
14

This is used to formulate the scaling factor, which corresponds to a Leverett-J scaling (Eq. 4):

Pa _ | K19 (4)

f} N de Km/d)m’
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where K; and ¢; are the permeability and porosity for each grid, and K;;, and ¢,, are the respective
measured average values. For heterogeneous models, the saturation profile is then derived close to
steady state from (Eq. 5):

dS  (qiaw! 1 fi
drp < 4K, )(kr,nw(5)> <dPC(S) /dS)' ©)

To analyze the individual elements, the saturation and capillary pressure of each grid cell are adjusted
by the scaling factor f; in our MRST-based simulator. To determine the optimal values for these scaling

factors, we use an objective function that aims to minimize the discrepancy between the experimental
and simulated capillary pressure profiles. This objective function is given by (Eq. 6):

& S p(xj)) (S (x]))
E( 1) Z (Sexp(x))

where F. is the reference capillary pressure curve, f; is the scaling factor, SeXp(xj) is the slice-averaged

Jj=1,..N, 6)

experimental water saturation and SH(xj) is the saturation profile derived from homogeneous

simulations. This methodology accounts for the fact that capillary pressure reference curve is largely
unaffected by small-scale heterogeneities and thus justifies our approach (16).

After determining the scaling factors using Equation 6, we proceed to calculate the properties of the
heterogeneous model. In particular, we calculate the Ky, using Equation 4 and the porosity profile
shown in Figure 2 c. For the purpose of heterogeneous modeling, each grid cell is characterized by three
different properties: the porosity ¢, the absolute permeability K calculated from Equation 4, and the
capillary scaling factor f derived from Equation 6.

To validate our model, we perform a comparison of numerical responses such as pressure difference
(AP), brine production (Q), and saturation profiles (S(x)) with experimental measurements. This process
involves a multiobjective optimization approach that uses a genetic algorithm from the MATLAB
optimization toolbox to minimize a three-part composite error function (Eq. 7)

_% ( Psim<xj>—APexp<xj)>i

APe*P(x;)

1

()

- 33, (e’

5 ()

This rigorous approach allows us to fine-tune our model to ensure that it accurately reflects the
experimental data, thereby confirming its accuracy. In addition, the methodology incorporates a new
perspective by analyzing scaling factors derived from single-rate drainage experiments. This includes the
evaluation of saturation profiles under both transient and steady-state conditions towards the end of
the injection period. Such analysis enriches our understanding by incorporating dynamic saturation
changes into the modeling process and provides a more comprehensive view of fluid behavior in the
reservoir.
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3.3. DataInterpretation Considering the 1D Porosity Profile

In the next step, we include porosity, permeability, and capillary heterogeneity according to the above
model in a 1D simulation domain. The inclusion of heterogeneity based on the exact porosity profile
allows a more complete description of the experimental data with minimal additional parameters, such
as the scaling factor. The agreement obtained with the experimental responses is shown in Figure 4 for
both systems, decane-brine and CO;-brine. While the saturation profiles and brine production curves
are accurately described, discrepancies in the differential pressure AP are observed in the transient
behavior around the breakthrough time.
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Figure 4: The experimental responses (symbols) of the decane-brine (top row) and CO»-brine (bottom
row) displacement experiments and their numerical interpretation as in Figure 2. From left to right:
Pressure difference and brine production curves as a function of time, and the decane, CO, saturation
profiles attwo consecutive time steps, as indicated in the legend. The lines correspond to the numerical
history matching results using a 1D heterogeneous domain computed from the CT density profile and
the full 3D heterogeneous volume. The relative permeability representations used are indicated in the
legend and described in the text.

Figure 5 shows the Corey and LET k,(S,,) and Brooks-Corey P.(S,,) together with the SCAL
interpretations, and illustrates that the inclusion of heterogeneity in the simulations significantly reduces
the gap between the model predictions and the uncertainty range of the SCAL interpretation. In
particular, the decane k,.(S,,) is well described on both the linear and logarithmic scales, and the brine
k,-(Sy) is well described on the linear scale, i.e. for large water mobility. It should be noted that the
uncertainty range from our previous work (3) describes the uncertainty of the measurement, but not the
sample-to-sample variation, i.e. the heterogeneity. The good agreement of the simulation with the
experimental data therefore shows that conventionally measured relative permeabilities describe
heterogeneous systems well, provided that heterogeneity has been explicitly introduced into the model
calculation as described above. It is also noteworthy that the decane k,.(S,,) falls well within this
uncertainty interval, while the CO, k,.(S,,) deviates significantly from the SCAL predictions. This
difference is probably due to different wetting properties in the decane-brine system compared to the
COz-brine system.

The study highlights the importance of interpreting measurement data in the context of the phenomena
under investigation and confirms the effectiveness of the methodology developed for steady-state
experiments by Hosseinzadeh Hejazi et al (16) for USS drainage experiments. Moreover, the analysis of
the scaling factors and Pareto fronts resulting from the optimization method used shows a linear
relationship between production errors and errors in the saturation profile. This observation corrects the
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Figure 5: Relative permeability and capillary pressure saturation functions resulting from experiments
and history matching on the 1D and 3D heterogeneous simulation domains. The top row (a, b, c) shows
the HM results for the decane-brine experiments, and the bottom row (d, e, f) shows the results of the
CO.-brine displacement experiments. From left to right: k,. on a linear and a logarithmic scale, and P,
on a logarithmic scale. The squares correspond to the SCAL results measured on a smaller scale, and
are considered homogeneous.

inconsistencies found in homogeneous simulations and highlights the need for heterogeneity in
simulations to achieve a more accurate and comprehensive understanding of the system under study.

3.4. Modeling the 3D Heterogeneous Volume

3.4.1. Transforming Medical CT Data into 3D Porosity and Saturation Maps

This section explains the process of converting medical CT scans into 3D porosity and fluid-saturation
maps. The individual scans are represented on a gray scale in Hounsfield Units (HU), an absolute scale
for medical applications. Prior to further processing, the scans were subjected to median filtering and
3D Gaussian blurring to reduce noise and better determine the porosity profile and saturation state.

The 3D porosity map was obtained using differential imaging. This approach calculates the difference
between brine saturated and dry scans as recommended by various studies (35, 36, 48). The voxel-by-
voxel porosity profile is derived using Equation 8:

HUp e () = HUgry (X)

- brine
d(x) =
HUbrine - HUair

a: (HUgrc‘litne (55) - HUdry (3_&)); (8)

where HUS%, (%) is the HU value for the voxel in the brine-saturated scan, HUgy,(¥) is for the dry
scan, and HUp,ine and HU,;, are the HU values for brine and air, respectively. The difference is then

scaled by a factor o to match the measured sample porosity.

Subsequently, the 3D fluid saturation maps were determined for the time lapse CT scans (HUexp(J?, t))
by Equation 9:
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HUlj;‘litne (fr tO) - HUexp (55)' t)
HUZ% (D) — HUSEL(®)

Sco,(®,t) = 9

brine

where HUp (X, t9) and HUZGE(X) correspond to the calibration scans at S, =1 and S, =0,
respectively, and HU,y,, (%, t) are scans at individual time steps. Resulting 3D saturation maps are shown
in Figure 6 a,e.

The original resolution of these CT images (voxel size) was 0.18x0.18x0.5 mm3. To increase the efficiency
of the computations, the data were binned by combining 24x24x8 voxels into blocks of approximately
4 mm3. The impact of this voxel binning on simulation accuracy was evaluated by comparing it to a finer
binning of 12x12x4 voxels, specifically for the decane-brine scenario. This comparison showed
negligible differences in the results, so that the simulations were carried out on the coarser grid for
reasons of computing time.
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Figure 6: a) Measured 3D water saturation profiles after 9.8 h of decane flooding. Flow direction is from
left to right. b) Corresponding simulation output. ¢) Comparative experimental and simulated water
saturation histograms and d) correlation between simulated and experimentally measured saturations.
The black line shows the slope of unity with zero intercept. The red line shows a linear regression on the
data. Parts (e) through (h) show the same data after 8.9 h of CO, flooding.

3.4.2. 3D Heterogeneous Modeling

The capillary pressure scaling described above was extended to the 3D simulation domain. The same
principle used to determine the scaling factors in 1D was applied to the 3D grid. However, instead of
attempting to fit the model to the experimental data in 3D, due to the available computational power,
the study performed forward simulations using the best fit of the 1D modeling (LET 1D heterogeneous).
The agreement between the simulated and experimental fluid saturation distributions was then
statistically analyzed for evaluation.

The comparison between observed and predicted saturation values, detailed in Figure 6 for both decan
brine and CO;-brine displacement, uses 1D saturation profile projections (Fig. 4) in addition to the
experimental data to provide a more effective assessment. Despite the simple forward simulation, the
agreement between 3D simulations, 1D projections and experimental data is found to be satisfactory.
The study shows that both the differential pressure (AP) and the cumulative brine production in the 3D
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simulations agree well with those of the heterogeneous 1D modeling, although with similar limitations
in terms of the data on the respective breakthrough times. This limitation suggests potential challenges
associated with the capillary pressure scaling approach, particularly the assumption of a steady-state
system, as discussed in previous research (16, 40).

In addition, a detailed statistical analysis of the 3D saturation profiles is presented in Figure 6 c-h,
comparing the experimentally measured saturations with those simulated for the decane-brine and CO»-
brine scenarios at specific time points. The histograms (Fig. 6 c,g) show excellent agreement over a wide
range of saturations, an agreement that is further supported by the correlation plots (Fig. 6 d,h), which
show correlation coefficients above 0.99 and 0.98 for the decane and CO, scenarios, respectively. The
discrepancies between experimental and simulated data occur mainly at higher brine saturation levels,
indicating known experimental errors in the saturation measurements, but are not considered significant
for the current study.

4. SUMMARY AND CONCLUSIONS

This study provides important insights into multiphase flow in heterogeneous rock formations with
heterogeneities on the order of millimeters to tens of centimeters, which can be studied in laboratory
experiments but must be averaged in reservoir simulations. The present study questions the direct
applicability of relative permeability derived from special core analysis (SCAL) in such cases. This question
is particularly relevant in view of the growing importance of carbon capture and storage as a
countermeasure to climate change and its associated risks. Accurately predicting the migration of CO;
plumes in underground reservoirs is crucial for assessing the risks associated with CO, storage and is the
subject of the present study. The study was conducted with a very heterogeneous rock type and with
COz-brine, a fluid pair that tends to amplify the effect of heterogeneity on two-phase fluid displacement.
However, the developed numerical workflow can be extended to other highly
heterogeneous/demanding rock-fluid systems.

In this paper, we first show that the direct application of SCAL data to describe CO;-brine displacement
on a larger experimental scale cannot be satisfactorily described if the rock is heterogeneous. This is to
be expected, since the underlying assumption that the sample is representative and homogeneous in all
rock properties is not justified, which must also apply to the description of two-phase flow in a grid block
at the reservoir scale. However, history matching of the experimental data with a homogeneous model
provides good agreement with the experimental responses. The resulting relative permeability can be
considered upscaled and representative for the volume under study but differs significantly from the
k,-(Sy) derived from SCAL and may still be scale dependent. However, to be able to use standardized
SCAL experiments, the heterogeneity of the rock must be taken into account in one way or another at
the sub-grid scale.

The inclusion of the 1D porosity profile together with permeability and capillary scaling represents a first
attempt to account for the effects of heterogeneity on two-phase flow. For this, we are applying a
concept developed for steady-state experiments to USS experiments that are easier and faster to
perform. The results show that the experimental data can be described quite well, especially the
saturation profiles and the brine production curve for both systems, decane-brine and CO;-brine. There
are discrepancies in the transient behavior in the region of the breakthrough point, where the differential
pressure is underestimated. A comparison of the resulting relative permeabilities for the decane-brine
case shows that they are well within the uncertainty interval of the classical SCAL data. This suggests that
SCAL data measured on homogeneous and small-scale samples do indeed provide a good description
of two-phase displacements, provided that capillary heterogeneity is taken into account. The deviation
of the obtained CO,-brine relative permeabilities from the SCAL data indicates different wettabilities and
interfacial tensions, since the SCAL data were measured with decane and brine as fluids.
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An extension of the developed method to include heterogeneity in the two-phase modeling to a 3D grid
for application to the 3D experimental domain shows comparable results. For this purpose, the calculated
LED parameters of the best fit of the 1D heterogeneous simulation were used for the forward simulation
in 3D. The exact statistics of the saturation distributions show a very good agreement between the 3D
experimental and simulation data, which gives confidence in the developed methodology.

The main messages of this study are twofold:

a. An upscaled relative permeability can be perfectly derived from larger scale experiments using only
the homogeneity assumption for numerical interpretation. This relative permeability may be
different from a standard relative permeability and may still be scale dependent.

b. By introducing porosity-based heterogeneity and permeability and capillary scaling, standard
relative permeability saturation functions well describe two-phase displacements even in a
heterogeneous rock. However, the introduction of the explicit porosity map is more of a downscaling
since it cannot be done at the reservoir scale.

To be able to use standard laboratory SCAL programs for CCS field development, (a) and (b) need to be
bridged.

The authors propose to develop a method that upscales standard SCAL data, such as steady-state
relative permeability (k,-(S,,)) and porosity maps from CT scans to a larger scale. However, there is a
challenge: having a porosity map is not enough to capture all the heterogeneities in the rock; one would
also need a water saturation map, as mentioned in Equation 6, to calculate the scaling factors (f). This
requires a large core flooding experiment, which is beyond the scope of standard SCAL methods.
However, by using X-rays to measure saturation changes during steady-state SCAL tests, it's possible to
obtain both a gray-scale porosity map and a corresponding water saturation map from the same
experiments. By carefully selecting rock samples that are very similar (“twin" samples) and using the
steady-state k,.(S,,) along with the porosity and water saturation (S,,) maps as inputs, it becomes
possible to accurately predict flow in large-scale core floods using only the porosity information
available.

In terms of finding "twin" samples and how many small samples are needed to accurately represent
larger scale experiments, the strategy is inspired by a process described in Maas et al (30). Essentially,
the process starts with one sample and checks whether its heterogeneity cut-off falls below a given
threshold for heterogeneity. If it exceeds this threshold, then two samples are tested together, then
three, and so on, until the combined variability of the samples is within acceptable limits. This step-by-
step approach helps determine the right number of samples to use for accurate large-scale modeling,
but without such detailed analysis, it's hard to give an exact number.
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