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Pore-by-pore modeling, analysis, and prediction of two-phase flow in mixed-wet rocks
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A pore-network model is an upscaled representation of the pore space and fluid displacement, which is used to
simulate two-phase flow through porous media. We use the results of pore-scale imaging experiments to calibrate
and validate our simulations, and specifically to find the pore-scale distribution of wettability. We employ energy
balance to estimate an average, thermodynamic, contact angle in the model, which is used as the initial estimate
of contact angle. We then adjust the contact angle of each pore to match the observed fluid configurations in the
experiment as a nonlinear inverse problem. The proposed algorithm is implemented on two sets of steady state
micro-computed-tomography experiments for water-wet and mixed-wet Bentheimer sandstone. As a result of the
optimization, the pore-by-pore error between the model and experiment is decreased to less than that observed
between repeat experiments on the same rock sample. After calibration and matching, the model predictions for
capillary pressure and relative permeability are in good agreement with the experiments. The proposed algorithm
leads to a distribution of contact angle around the thermodynamic contact angle. We show that the contact angle
is spatially correlated over around 4 pore lengths, while larger pores tend to be more oil-wet. Using randomly
assigned distributions of contact angle in the model results in poor predictions of relative permeability and
capillary pressure, particularly for the mixed-wet case.
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I. INTRODUCTION

Multiphase flow through porous media has a crucial im-
portance in applications as diverse as groundwater resources
[1–3], geothermal fields [4], chemical transport [5–7], gas
diffusion in fuel cells [8], oil recovery [9], environmental
remediation [10], and CO2 sequestration [11]. The most im-
portant macroscopic parameters that describe multiphase flow
through porous media are capillary pressure (Pc) and relative
permeability (kr) [9,12]. These parameters depend on the
geometry of the porous media as well as the fluid and rock
properties, of which the most important is wettability.

Recent advances in x-ray imaging have made it possible to
study the pore structure of rocks at micron-scale resolution,
and the fluids within them, providing valuable insights into
multiphase flow processes [13–15]. From these pore-scale
images, numerical models can be constructed that attempt
to reproduce the displacement processes observed experi-
mentally and predict macroscopic properties, such as relative
permeability and capillary pressure [14,16,17].

Despite the growing body of pore-scale experimental data,
currently, modeling has been limited to comparing predicted
capillary pressures and relative permeabilities to experimen-
tal measurements, most of which were performed without
pore-scale imaging to observe the microscopic configuration
of fluids [17–20]. However, validating the models using ex-
perimentally measured macroscopic properties without con-
sidering pore-scale behavior is uncertain. Bultreys et al. [21]
attributed this uncertainty to four factors: uncertainty in the
experimental properties used to inform the model since the
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number of input data, such as the pore-by-pore variation in
wettabilty, far exceeds the information in the output required
to characterize relative permeability and capillary pressure
[22,23]; physics that is not captured by the model or numerical
errors [24]; different length scales of the model and experi-
ment [25]; and uncertainties in the experiment itself [26,27].

One particular source of uncertainty and ambiguity in
model predictions is the assignment of wettability, or contact
angle, on a pore-by-pore basis [28]. Most modeling stud-
ies have attempted to calibrate multiphase flow in a few
rock types based only on the macroscopic experimental data,
which, as discussed above, is not reliable [22]. The link
between pore-scale wettability and macroscopic properties
has been quantified with an assessment of uncertainty [29],
which emphasizes the importance of using the correct input
wettability.

In recent years, several studies have sought to validate
image-based models against experimental micro-computed-
tomography (micro-CT) results including pore scale fluid dis-
tribution and topology [21,28,30–34]. Akai et al. [30] simu-
lated an unsteady-state waterflooding experiment on a mixed-
wet carbonate rock using the lattice Boltzmann method incor-
porating locally measured contact angles [35]. Pore-by-pore
comparison showed a good agreement between model and
experiment for fluid occupancy as a function of pore size. This
work demonstrated that a distribution of contact angle (rather
than a uniform value) needs to be used as a model input to
characterize wettability; however, the contact angle distribu-
tion had to be adjusted to obtain a good match to experiment.
Bultreys et al. [21,32] used an image-based pore network
model to compare against steady-state waterflood measure-
ments in water-wet Bentheimer sandstone. They proposed a
workflow that is based on mapping the fluid distribution from

2470-0045/2020/102(2)/023302(15) 023302-1 ©2020 American Physical Society

https://orcid.org/0000-0002-8885-550X
https://orcid.org/0000-0001-5691-9532
https://orcid.org/0000-0002-8725-0250
http://crossmark.crossref.org/dialog/?doi=10.1103/PhysRevE.102.023302&domain=pdf&date_stamp=2020-08-05
https://doi.org/10.1103/PhysRevE.102.023302


SAJJAD FOROUGHI et al. PHYSICAL REVIEW E 102, 023302 (2020)

an experimental image to the extracted network model. They
obtained a fluid occupancy that agreed with experiment in
more than 75% of the network. Furthermore, Raeini et al.
[28] performed pore-by-pore comparisons for a generalized
network model on repeated unsteady state CO2 waterflood ex-
periments in sandstones and carbonates [26,27] and on steady-
state waterflood Bentheimer sandstone experiments. They
quantified the mismatch between the micro-CT experiment
and the network model by defining the discrepancy in pore
occupancy. In many cases the discrepancy in occupancy was
similar to that seen in repeated experiments, but larger errors
were seen for the carbonate samples studied. A constant con-
tact angle, or a uniform distribution, randomly distributed in
space, was assumed. It would appear that even for the water-
wet cases studied, some correlation in contact angle, either
spatially, or with pore size, is required to improve the agree-
ment with experimental measurements: we will show that
including these correlations is indeed necessary to match the
filling order accurately. Moreover, another challenge is to have
a model that can be predictive for a range of wettability states.
These image-based modeling studies [21,28,32] were all per-
formed for water-wet samples. However, mixed-wet behavior
is expected to have an even higher level of uncertainty [9,36].
Here, we will study both water-wet and mixed-wet cases.
Also, the previous works tried to minimize the mismatch at the
end of drainage or imbibition, while in this paper, we match
throughout waterflooding and not just at the end point. Fur-
thermore, we will perform a quantitative comparison between
macroscopic measured and predicted capillary pressures and
relative permeabilities, which was not done previously.

In a quasistatic pore network model, the pore filling order is
controlled by capillary pressure that is a function of geometry
and wettability. The geometry of the network is extracted from
a dry image of the porous medium that typically has a size
of the order of 1 billion voxels. Hence, it can be argued that
the geometry is well characterized [37,38]. However, wetta-
bility characterization is much more uncertain: wettability is
controlled by contact angle, which is not well constrained in
most cases [28]. This poses a considerable challenge since in
order to get correct filling order, the correct contact angle is
required.

The question now is what the contact angle should be.
Blunt et al. [39] have used conservation of energy to derive
a thermodynamically consistent contact angle. This provides
an average angle that correctly captures the value needed in
a quasistatic model to reproduce the displacement observed
experimentally. However, we require individual contact angle
values for each element in the network. AlRatrout et al. [40]
developed a procedure to determine geometric contact angles
from three-dimensional images. Whereas this can be used to
determine values on a pore-by-pore basis [40], it has been
shown that using the geometric angle, which represents, in
many cases, a hinging angle on a rough or altered-wettability
surface, does not lead to accurate predictions of displacement
[41]. While, as we show, the thermodynamic contact angle
does provide a good average value, we need to find the
distribution about this average which enables the model to
predict the observed displacement sequence.

We propose a nonlinear optimization to solve this in-
verse problem. We have measured, from experiments, the

fluid distribution during waterflooding. We find contact an-
gles on a pore-by-pore basis that correctly capture the
observed changes in surface energy during the displace-
ment and the measured configuration of fluid phases.
This results in a nonlinear optimization, where we ad-
just contact angles on a pore-by-pore basis to mini-
mize the mismatch between measured and predicted pore
occupancy.

Even for repeated experiments, it is not possible to obtain
a perfect repeatability. Based on the analysis of Andrew
et al. [26,27] and Raeini et al. [28] the discrepancy in pore
occupancy between repeated experiments was between 6 and
18%. Ling et al. [42] studied the reproducibility of multiphase
fluid distributions in six replicate experiments in identical
microfluidic devices. They observed significant differences
in the pore-scale fluid configurations for imbibition experi-
ments. They showed that numerical models, while they could
reproduce the overall behavior, could not be expected to
match the experiments on a pore-by-pore basis. Therefore,
the objective is to decrease mismatch between pore net-
work model and experiment below the uncertainty in repeat
experiments.

The paper is organized as follows, In Sec. II pore net-
work modeling and the micro-CT multiphase flow experi-
ments are described. In Sec. III the optimization workflow
developed to perform pore-by-pore comparison of micro-CT
experimental measurements against the pore network model
is presented. This methodology is implemented on the water-
wet and mixed-wet steady-state experiments in Secs. IV A
and IV B, respectively, together with comparisons between
predicted and measured capillary pressures and relative per-
meabilities. In Sec. IV C we examine the correlation in contact
angle in our calibrated models and demonstrate that ignor-
ing this correlation leads to poor predictions of multiphase
flow properties.

II. MATERIALS AND METHODS

A. Imaging experiments

The measurements analysed in this study are from two
steady-state multiphase flow experiments [42,43]. Both cases
studied waterflooding in small rock samples of Bentheimer
sandstone. Initially the rock contained oil and a low initial
water saturation. Then water and oil were injected through
the rock in a sequence of increasing water fractional flows
(the ratio of the water volumetric flow rate to the total rate of
oil and water) from 0 to 1. At each fractional flow, injection
continued until a steady state was reached, which was found
when the pressure difference measured across the sample
stabilized. High-resolution imaging was used to observe the
pore-scale configuration of the oil and water and to quantify
saturation. From the pressure differential and the imposed
fractional flow, relative permeability could be determined.
Capillary pressure was also estimated from the curvature of
the oil-water menisci in the images. The experiments were
performed on a water-wet sample, called WW in this paper
[42], and a sample that had been left in contact with crude oil
before the experiment which we label mixed-wet, MW [43].
Further details on the experiments and image analysis can be
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TABLE I. A summary of the properties of the images taken in
the water-wet, WW, and mixed-wet, MW, experiments [42,43].

WW [42] MW [43]

Number of images 7 8
Number of voxels 1000 × 1000 × 3000 1600 × 1600 × 3000
Cross section square circle
Voxel size [μm] 3.58 3.58
Number of pores 68,323 97,698
Number of throats 150,619 220,272
Imaged-based porosity 0.205 0.231
Initial oil saturation 0.856 0.885
Residual oil saturation 0.383 0.113

found in Refs. [42,43]: the experiments were performed under
capillary-controlled conditions.

Table I provides a summary of the properties of the images
together with the measured initial and residual oil saturation
in the experiments. The images were segmented into pore and
grain, and the pore space partitioned into oil and water, using
commercial image analysis software.

B. Pore network extraction and modeling

The segmented images were then run through a maximal
ball pore-network extraction code [44,45]. This provides a
quantitative topological representation of the void space di-
vided into pores and throats. Pores represent wider regions of
the void space, while throats represent restrictions between
pores. The algorithm first determines the distance of each
voxel of the void space from the closest solid; the local
maxima of this distance map determines the center of pores.
The boundary between two pores at the narrowest region
of the void space defines the throat surface. Then the local
maximum of the distance map on this surface is considered
as the throat center. Details of the algorithm can be found in
Refs. [44,45].

Flow simulation on the extracted network is performed
using the approach developed by Valvatne and Blunt [19]. The
network elements pores and throats have circular, triangular or
square cross sections. Angular cross sections allow wetting
layers to reside in the corners, as well as layers of oil, in
oil-wet pores and throats, to be present between water in the
corners and water in the center. Displacement proceeds in
order of capillary pressure, computed semianalytically, based
on the geometry of an element and its contact angle, by
snap-off, pistonlike advance and cooperative pore filling. Here
we use the modification proposed by Bultreys et al. [32] to
obtain the initial condition for waterflooding: fluid occupancy
at the end of drainage, the beginning of the waterflood, is
taken directly from the micro-CT image.

The geometric inputs into the model are all determined
from segmented images of the pore and grain from the exper-
iments: these were obtained from high-quality images of the
dry rock before flooding [32]. These inputs are the inscribed
radii of pores and throats, the elements that they connect to,
and the shape of the cross section. We assume that these are
accurately represented in the images and therefore they are not
altered during the calibration process.

The key uncertainty in the characterization of displacement
is the wettability, namely the contact angle to assign to each
pore and throat in the model. In what follows, this input is
adjusted so that the predicted displacement sequence matches
that observed in the experiments. Once the contact angle is
known, the threshold capillary pressures, which determine the
order in which pores and throats are invaded by water, are
determined.

III. VALIDATION AND CALIBRATION

A. Pore-by-pore error analysis

In this study, to analyze and compare the model results
and experiments we use the procedure of Bultreys et al. [21]
and Raeini et al. [28]. The extracted pore network is used
as an image analysis tool that makes possible the mapping
of the distribution of fluids in the images to the correspond-
ing network model. A quantitative comparison of predicted
and measured results requires the definition of a mismatch
indicator. Here filling state, denoted by φ, is used. Based on
the extracted network an inscribed sphere could be associated
with each network element (a pore or throat), i. From the
experiments, we identify the fluid phase that occupies more
than half of the voxels associated with that inscribed sphere:
this assigns a filling state which can be compared with the
phase in the center of each element in the network model:
φi = 1 if oil occupies more than half of the voxels of the
corresponding inscribed sphere, otherwise φi = 0 for water.
The average water occupancy, ψ , is defined as follows:

ψ =
∑

i Vi(1 − φi )∑
i Vi

, (1)

where the sum over i is over all pores and all throats. Vi repre-
sents the volume of pore/throat i. During network extraction,
a chain of maximal balls is found with the largest radius at the
pore center to the smallest at the center of the throat surface.
We partition volume between pores and throats as follows
[45]: the border between a pore and its connected throat is at
distance li away from pore center, which is defined as follows:

li = lt
i

(
1 − α

rt

ri

)
, (2)

where lt
i is Euclidean distance between the pore center and

the throat center, ri and rt are pore and throat inscribed radii.
α is a pore-throat segmentation coefficient. We use α = 0.6
as in previous work [45]. Voxels in the void space are then
uniquely assigned to a pore or throat. While this appears
arbitrary, this division provides good predictions of absolute
and relative permeability in simple systems [45]. The volume,
Vi, is calculated by counting the number of void voxels in
each pore or throat. Note that the sum of all the pore volumes
plus the sum of all the throat volumes is equal to the total
volume of the pore space. ψ = 1 corresponds to a completely
water-saturated network, while, ψ = 0 is where the centers of
all the pores and throats are filled with oil. Note that since
we only consider a binary occupancy, this is not the same as
saturation.
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We also determine the saturation, Sw. Saturation is defined
in the model using semianalytical calculations of the water
volume in each element. In the experiment, saturation is
computed by counting the number of water voxels, nw, in the
segmented image

Sw = nw/nt , (3)

where nt is the total number of void space voxels. Here we do
not need to associate voxels in the experiment with individual
pores or throats.

To quantify the discrepancy in the filling state between the
network model and the experimental data, we define the mean
absolute discrepancy [28]:

M j
AD =

∑
i Vi

∣∣φm, j
i − φ

ex, j
i

∣∣∑
i Vi

, (4)

where the sum is over all pores and all throats. Note that j
represents the order of images for different fractional flows,
f j
w. φ

ex, j
i denotes the mapped filling state of elements from

the experimental image j. φ
m, j
i is the filling state of elements

obtained from the model at S j
w which is the saturation corre-

sponding to image j. For each element (pore or throat) the
absolute difference between experiment (ex) and the model
(m) is zero when the predicted filling state of an element is
the same as the experiment: otherwise the difference is equal
to 1. Here, we do not simply count the filling state discrepancy,
which could be dominated by predictions in filling the small-
est elements, but use a volume-weighted average. As water
always fills the smallest elements in a water-wet medium, the
frequency of correct filling states is quite high. However, these
elements contribute little to flow so a more stringent metric
is needed. The volume-weighted average, Eq. (4), is a more
challenging indicator to match.

One subtlety is the stage in the model simulation at which
we compare with the experiment. To make predictions of
macroscopic properties, such as relative permeability and cap-
illary pressure, which are traditionally presented as functions
of saturation, we also need to match saturation. Hence we
compare the model and the experiment at the point where the
two saturations are equal. When we then optimize the filling
sequence, we force the correct pore-by-pore occupancy at the
same saturation. The overall occupancy ψ , may be different
for the model and simulation: in what follows we define ψ

based on the experiments.
We can also define an integral measure to capture the

discrepancy throughout a displacement:

AM (ψ f ) =
n fw∑
j=1

(
M j

AD + M j−1
AD

)
2

(ψ j − ψ j−1), (5)

where ψ f , Eq. (1), is the volume-weighted fraction of water-
filled elements in the experiment at the end of the displace-
ment and n fw is the number of fractional flows considered after
the initial condition. j = 0 represents the initial condition.
M0

AD = 0 since we input the initial filling states of elements, φi

into the model. Equation (5) simply represents the trapezoid
rule for calculating the area bounded by MAD for a finite series
of images.

FIG. 1. The mean absolute discrepancy, MAD, in filling state for
the water-wet case. The black line represents the state in which
pores and throats are occupied in a completely random way in the
model, Eq. (6). The red line represents the discrepancy in filling state
between the model and experiment, Eq. (4). The ratio of the areas
shown, AM and AR, defined by Eqs. (5) and (7), respectively, is used
to define the error measure E , Eq. (8).

To quantitatively assess the predictive capability of the
model we require a reference simulation; this is the state in
which all the pores and throats are filled in a completely
random way. If we fill a fraction, ψ , of pores and throats with
water and 1 − ψ with oil in a manner that has no systematic
correlation with the experiments, then we expect, for a large
system, that the mean absolute discrepancy is

MR
AD(ψ ) = 2ψ (1 − ψ ). (6)

This expression takes account of the fact that if the whole
rock is filled completely with either oil or water then any
model will be correct. The discrepancy only arises during
displacement when the location of water-filled elements is
incorrect. As before we can define an integral measure, to
assess the discrepancy throughout the displacement:

AR(ψ ) =
∫ ψ

ψi

MR
AD(ψ ′)dψ ′ = ψ2 − 2

3
ψ3 − ψ2

i + 2

3
ψ3

i .

(7)

In the experiments the fluid distribution on a pore-by-pore
basis is available for a number of water fractional flows, each
one corresponding to a specific occupancy and saturation.
These are the experimental points for which we calculate the
discrepancy against the model.

We propose an additional quantification of the
mismatch, E :

E = AM (ψ f )

AR(ψ f )
. (8)

This calculation is represented in Fig. 1 for occupancy for the
water-wet case. Note that E = 1 is no better than a random
assignment, while E = 0 is a perfect match.
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FIG. 2. (a) A schematic representation of how contact angle is adjusted to obtain correct the filling order. (b) Schematic of the proposed
algorithm to remove the mismatch between model and experiment by optimizing the contact angle.

B. Optimization algorithm to minimize pore-by-pore error

In the pore network model, pores and throats are
filled strictly in order of entry capillary pressure assuming
quasistatic conditions: in waterflooding those elements that
can be filled with the highest entry pressure are filled first and
so on in decreasing order of capillary pressure. Hence, if the
calculated capillary entry pressures for the pores and throats

are not correct then the filling sequence of the model would
be different from that in the experiment.

The capillary pressure is a function of wettability and
geometry. Hence, if we want to change the capillary entry
pressure for each element, we need to change a parameter
(wettability or geometry) to obtain the correct filling se-
quence. As mentioned previously, we do not adjust the static
or geometric network properties in this paper.

Update for each pore and  throat:
= + (

,
−

,
)

← +

No

Start

Calculate based on
, from model results and
, from experiment

<

Yes

No

• Error criterion = 0.075
• Input , for all fractional flows ( = : )
• Assign TD as (k=0) for all elements as initial guess,
• Initial filling state of model ( , ) is taken from

image at (j =0)

• Fractional flow counter ( )=
• Iteration counter (k) =
• Contact angle increment ( )= . °

• = Number of fractional flow
• Maximum iteration ( ) =

Run model using to reach
next fractional flow ( ) with
water saturation

End

← +

←

=

←

Yes

< ccriterio
or >

FIG. 3. Calibration algorithm, which optimizes contact angle on a pore-by-pore basis to minimize the error in filling order. Initially the
filling state of the elements in the model is taken from the mapped distribution from the experiment at zero fractional flow. Then we run
the model to the next fractional flow ( f j+1

w ) with a water saturation S j+1
w . At this fractional flow, by comparing the model to the mapped

experiment we calculate M j+1
AD , Eq. (4). Then we compare M j+1

AD with our error criterion: if M j+1
AD is greater, we need to update the contact

angles, and perform another iteration with the updated contact angles, until M j+1
AD becomes less than our required error. We then proceed to the

next fractional flow until the final fractional flow of 1. TD is the thermodynamic contact angle.
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FIG. 4. (a) The image of dry scan of Bentheimer sandstone used in the water-wet experiment. (b) The structure of the extracted pore
network.

Microscopic imaging provides detailed information about
the spatial distribution of fluids, but it does not measure the
local wetting properties or the surface energy between fluids
and solid. Hence, in a model, we need to adjust the surface
energies, captured by the contact angle, in such a way that the
model accurately predicts the observed fluid distribution.

We will calibrate the wettability by using the contact angle
which is assigned to each pore and throat in the network
model. However, we do need to have an initial estimate of the
contact angles, which, as mentioned above, is the thermody-
namic angle. However, it is evident from previous work [41]
that there is a wide spatial variation of contact angle that has
to be captured to match experimental results accurately while
applying uniformly one single value throughout the network
will not be sufficient.

As a result, we take the thermodynamic contact angle,
deduced from the images, as an initial guess for the contact
angle for all pores and throats. We then adjust the values
locally, as illustrated in Fig. 2: if an element is filled earlier
in the model than in the experiment, the contact angle is
increased; in contrast, if an element is filled too late in the
model, then the contact angle is decreased.

Based on this idea an algorithm was developed which is
based on modifying contact angle for each element to obtain
the correct pore filling order. The flowchart for the proposed
algorithm is shown in Fig. 3. We start, as input, with the
fluid distributions at zero fractional flow of water as the initial
condition and perform a simulation in the model until we
reach the next largest saturation, which corresponds to the
next higher fractional flow. We then compare the mapped
experimental distribution with the modeling results and adjust
the contact angles as presented in the flowchart in Fig. 3, until
we reach the final fractional flow of 1. When the discrepancy
of the modeling results for a given fractional flow becomes
less than the predefined error criterion, we proceed to the
next higher fractional flow. Note that in each step we have
a fixed initial state (corresponding to first fractional flow) and
an intermediate state: we run iteratively from the initial state
to the intermediate state until the discrepancy is less than some
predefined criterion, and then we continue to the next step (the
next fractional flow).

The filling state of element i for fractional flow j is φ
ex, j
i

where ex indicates the experiment. In each iteration, k, the
contact angle of network elements with the wrong filling state
is updated by an increment, dθ , which we choose to be 0.5◦.

The new estimate of contact angle is then

θ k+1
i = θ k

i + (
φ

ex, j+1
i − φ

m, j+1
i

)
dθ. (9)

This algorithm can be classified as an array of gradient
descent optimizations. The direction of gradient is obtained
heuristically by assuming a monotonic relationship between
capillary entry pressure (and hence filling and occupancy) and
contact angle. We use Eq. (9) to solve this nonlinear opti-
mization problem. Note that gradient descent is a first-order
iterative optimization algorithm for finding a local minimum
of a function [46]. For this inverse problem we have used a
physically based approach, adjusting the contact angle as a
proxy for changing the filling order during a displacement. As
we show in the Results, this does result in a stable, robust, and
simple method to obtain accurate predictions.

θ k
i is initialized with the thermodynamic contact angle

(TD). In each iteration, k, the network model performs a
complete waterflood simulation and M j+1

AD is evaluated. If
M j+1

AD is less than the minimum error or k is larger than
predefined maximum iteration number, kMax, the contact angle
updating loop will be terminated and we proceed to the next
fractional flow; otherwise we continue updating. Here kMax is
selected to be 500 and the error criterion is 0.075; that is we
stop iterating when MAD, Eq. (4), is less than 0.075.

The choice of error criterion was driven by a number of
considerations. Firstly, particularly in smaller elements, there
are ambiguities in the segmentation of the image which makes
it impossible for a model to match the occupancy perfectly. In
addition to this, we have some phase rearrangement especially
for the mixed-wet cases. In other words, during waterflooding
we observe some elements change to oil-filled from water-
filled. This effect, the local displacement of water by oil
in a process where overall water displaces oil, cannot be
captured in our model. Another thing that should be taken into
consideration is the effect of matching discrepancy in later
fractional flows on the earlier match: it is possible to alter the
filling sequence earlier in the displacement, which can lead to
a deterioration in the overall accuracy of the model.

As mentioned previously, Andrew et al. [26,27] performed
a series of repeated drainage and imbibition experiments for
brine-CO2 flooding. Later Raeini et al. [28] analyzed this data
set and evaluated MAD, Eq. (4), between pairs of experimental
data, at the end of imbibition experiments. Based on this
analysis; for the Bentheimer (the same rock as studied in this
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paper) water-wet sample MAD varied in the range 5.6–13.2%
and for the Ketton water-wet sample the range was 11.2–
17.7% [28]. Hence in our optimization routine we attempt to
reduce the mismatch to that at the lower end of observations
on repeat experiments in the same sample.

Based on the above discussion, it should be mentioned
that the MAD could not be decreased to zero. However, how
much we can decrease discrepancy is different from one
sample to another. If we try to over-tune the filling states
in each fractional flow, it affects the earlier filling order. So,
we selected a nonzero error criterion (0.075) which provided
a good match to the observed filling state throughout the
displacement.

We assessed the convergence and stability of our optimiza-
tion algorithm by adjusting the maximum number of iterations
and the error criterion. Using an error criterion of 0.05 or 0.1
did not significantly improve the results, in that the overall
error (E ) remained the same to within 1 part in 7, while the
difference in the predicted macroscopic properties, relative
permeability, and capillary pressure, was less than 2.9% on
average. Increasing the maximum number of iterations also
had an insignificant effect on the results. In all cases during
the iteration, the error either decreased or remained constant:
we did not observe any instability in the optimization.

The pseudocode for this algorithm is presented in
Algorithm 1.

Algorithm 1. Pseudocode for the optimization algorithm

Input: In addition to inputs for model
nfw ← number of fractional flow
Input φ

ex, j
i for all fractional flows

( j = 0 : nfw )
Error criterion ← 0.075
j ← 0
k ← 0
dθ ← 0.5◦

θ k
i ← T D

Maximum iteration (kMax) ← 500
φ

m, j
i for j = 0 is taken from mapped image

at f j
w ( j = 0)

Output:
θi

While j < nfw do
M j+1

AD ← 1
While M j+1

AD > Criterion & k � kMax do
Run model to S j+1

w correspond to f j+1
w ;

Export φ
m, j+1
i from model;

Calculate M j+1
AD based on φ

m, j+1
i and φ

ex, j+1
i ;

Update contact angle as follows:
θ k+1

i ← θ k
i + (φm, j+1

i − φ
ex, j+1
i )dθ ;

k ← k + 1;
end
θi ← θ k

i ;
k ← 0;
θ k

i ← θi;
j ← j + 1;

end

FIG. 5. MAD, Eq. (4), as a function of occupancy comparing
the discrepancy between experiment and the model for constant
contact angle, average thermodynamic contact angle, TD, and the
distribution of contact angle from the optimization algorithm.

IV. RESULTS AND DISCUSSION

A. Water-wet case

Using a high-quality dry image before the experiment, the
pore network was extracted as described in Sec. II B. The dry
scan and extracted pore network is presented in Figs. 4(a) and
4(b), respectively. See Table I for a listing of the image size
and number of extracted pores and throats.

1. Pore-by-pore comparison

The results for pore-by-pore discrepancy in the filling state
are presented in Fig. 5. These include model simulations for
uniform contact angle, the thermodynamic contact angle as
a single average value, and the distribution of contact angle
for the optimization algorithm developed in this study. An
average of 15◦ represents the constant value that provides
the lowest mismatch to the experiment. As can be seen, the
optimization algorithm was able to reduce the discrepancy at
the end of the waterflooding, MAD in Eq. (4), to a value of
0.058, which is as small as the lowest uncertainty in repeated
experiments [26–28]. In addition, the value of error, E in
Eq. (8), is equal to 0.14.

Figure 6 is another way to present the quality of the match
for the optimized pore network model. This figure displays
the size distribution of the water-filled pores and throats in the
experiment and the model after waterflood. It also indicates
the pores and throats which are filled with a different fluid in
the model compared to the experiment, following the analysis
performed previously [21,31,32]. It should be noted that the
area under the curve, representing wrongly filled pores and
throats, provides a graphical representation of the discrepancy.
We correctly place the wetting phase, water, in the smaller
elements, and oil, the nonwetting phase, in the larger pores
and throats, as expected. The discrepancies are in elements
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(a)

(b)

FIG. 6. Pore and throat sizes that are filled with water at the end
of waterflooding for the optimized contact angles (water-wet case).

of intermediate size, some of which are water-filled in the
experiment and some oil-filled.

Figure 7 shows the distribution of contact angle obtained
for the water-wet sample. As can be seen, the contact angles
in 47.1% of the pores and 53.9% of the throats remain
unchanged. For the remaining pores and throats, using the
optimization algorithm results in a spread of contact angle
values around the average, where 87.2% of these pores and
89.2% of throats have a contact angle difference of less than
15◦ compared to the thermodynamic value.

For comparison, the directly measured angle distribution
for the water-wet system has a mean value of 66.4◦ with a
standard deviation of 15.1◦ [43]. As discussed before, the
geometric angle, in the water-wet case, does tend to overes-
timate the value in a displacement: our optimized case has a
mean contact angle of 47.1◦ and a standard deviation of 9.1◦,
giving a tighter range of smaller values around the average
thermodynamic value, as expected for this rock [39,43].

(a)

(b)

FIG. 7. Optimized contact angle for (a) pores and (b) throats
for the water-wet sample. The thermodynamic contact angle of
47.8◦ was used as the initial guess. For both pores and throats,
approximately half of the optimized contact angles are unchanged.

2. Prediction of capillary pressure and relative permeability

Furthermore, we compare predicted macroscopic proper-
ties to the reported experimental data, starting with capil-
lary pressure. In the experiment the capillary pressure was
measured from the curvature of the oil-water interfaces us-
ing the Young-Laplace equation and the measured interfacial
tension [43]. The capillary pressure in the model is computed
from the displacement pressures. To assess the importance
of initial guess for contact angle we present results for three
initial contact angles. The reported TD contact angle for this
sample is 47.8◦ [39]. Here, we used the TD contact angle, 10◦
lower, and 10◦ higher than the TD angle as the initial guess. As
shown in Fig. 8, the TD contact angle as the initial guess for
optimization leads to a good agreement for capillary pressure,
while lower or higher initial guess results in a deviation from
the experimental results since all the values are artificially
shifted higher or lower, while preserving the same rank order
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FIG. 8. Capillary pressure based on our optimization algorithm
with the three initial conditions. The error bars represent the uncer-
tainties in the experimental measurements.

to honor the filling sequence. Overall we are able to predict the
contact angle to within the uncertainties of the measurement
using a physically based initial guess of the contact angle. The
advantage of the model is that it can then predict the capillary
pressure for the full saturation range and, if needed, for other
displacement cycles, such as secondary drainage.

Next, the relative permeability based on the optimized
contact angle distribution was predicted and compared against
the experimental results in Fig. 9. As can be seen, the relative
permeability results are also in agreement with experimental
data within the uncertainties in the measurements. For com-
parison, results of other relative permeability measurements
on Bentheimer sandstone, which have been performed in the
literature, are also presented [47–50], which again show a
good agreement with the model predictions within the scatter
of the data.

FIG. 9. Relative permeability results based on optimized contact
angle distribution. For comparison, other experimental data on water-
wet Bentheimer sandstone rocks in the literature [47–50] are shown.

FIG. 10. (a) A two-dimensional cross section of the three-
dimensional dry scan of Bentheimer sandstone used in the mixed-wet
experiment. (b) The structure of the pore network that was extracted.

This analysis indicates that through matching the correct
displacement sequence, we can make good predictions of rel-
ative permeability and capillary pressure. However, pore-scale
models have already been able to provide good predictions of
macroscopic properties for water-wet sandstones [17,19,50–
52]. Next we will consider a more challenging case, a mixed-
wet sample where hitherto any predictions have required an
unconstrained tuning of contact angle to provide fits to the
data.

B. Mixed-wet case

The experiment on the mixed-wet Bentheimer sample was
performed at 8 fractional flows from 0 to 1. The size of dry
scan is 1600 × 1600 × 3000, while the cross section of im-
ages is circular. A cross section of the sample and the extracted
network are displayed in Fig. 10: see Table I for a listing of
the image size and number of extracted pores and throats.

1. Pore-by-pore comparison

Figure 11 shows the results for discrepancy for different
modeling scenarios, including the best uniform contact angle
in terms of our error measure, E . In this case the thermody-
namic contact angle, which is equal to 98◦ [39], was used as
the initial estimate in the optimization method. When a best-
matched uniform contact angle or the thermodynamic contact
angle were used, the model essentially has no predictive capa-
bility and the mismatch is similar to the random filling state.
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FIG. 11. MAD, Eq. (4), as a function of occupancy comparing
the discrepancy between experiment and the model for constant
contact angle, average thermodynamic contact angle, TD, and the
distribution of contact angle from the optimization algorithm.

This behavior can be attributed to the nature of pore filling in
the mixed-wet case. Lin et al. [43] showed for this experiment
that general assumption of filling pores in order of size is not
applicable. Instead, as evident in Fig. 12, we see filling of
pores and throats of all size. Hence, if we assume a uniform
contact angle we cannot reproduce this behavior: if the contact
angle is below 90◦ the smaller elements are filled preferen-
tially, whereas for angles above 90◦ the larger elements are
filled with water first. Alhamadi et al. [53] also observed that
for a mixed-wet carbonate during waterflooding, the filling
sequence is controlled by both pore size and wettability. What
is needed, therefore, is a range of contact angle that allows the
filling sequence observed experimentally with both large and
small elements filled throughout the displacement.

The optimization workflow leads to a decrease in discrep-
ancy such that we have MAD = 4.3% at the end point, and E
= 0.27. As seen in Fig. 12, only a small portion of pores and
throats are wrongly filled in the model. We cannot eliminate
the discrepancy completely, because as discussed in Sec. III B,
some water-filled elements are displaced by oil, as also seen in
mixed-wet rocks by Rücker et al. [36]. When we try to match
the pore occupancy of a given fractional flow it has an effect
on the earlier pore and throat filling states to some extent. As a
result, through matching MAD at the later fractional flows, the
mismatch MAD earlier becomes worse and exceeds the error
criterion. However, overall, the error is small and below the
uncertainties observed between repeat experiments.

The distribution of contact angle of pores and throats
are displayed in Fig. 13. While in the water wet sample,
contact angles for almost half of pores and more than half of
throats were unchanged, for the mixed-wet case 80.1% of pore
contact angles were changed from the initial guess of the ther-
modynamic contact angle; for throats 75.6% were changed.
This indicates the significance of needing a range of contact
angle to match the data, rather than a single representative

(a)

(b)

FIG. 12. Pore and throat sizes that are filled with water at the end
of waterflooding for the optimized contact angle distribution (mixed-
wet case).

value. The measured geometric contact angle distribution in
the experiments has a mean value of 80.3◦ with a standard
deviation of 17.0◦ [43]. In this case, as shown previously, the
directly measured geometric angle tends to underestimate the
value seen during a displacement [39]. Our optimized model
predicts a mean of 110.2◦ and a standard deviation of 32.1◦.
In this case we shift the contact angles to values higher than
the thermodynamic value with a wide range, needed to capture
the filling of elements of all size during the displacement.

2. Prediction of capillary pressure and relative permeability

Figure 14 shows capillary pressure obtained from the
calibrated pore network model versus capillary pressure
obtained by image analysis by Lin et al. [43] for the mixed-
wet experiment. There is a good agreement between model
and experiment, with the model predictions exhibiting higher
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(a)

(b)

FIG. 13. Optimized contact angle for (a) pores and (b) throats for
the mixed-wet sample. The thermodynamic contact angle of 98◦ was
used as the initial guess.

FIG. 14. Capillary pressure obtained from the optimized contact
angle distribution for mixed-wet Bentheimer sandstone using the
thermodynamic contact angle as the initial guess. The error bars
indicate the uncertainties in the experimental measurements.

FIG. 15. Relative permeability based on the optimized contact
angle distribution. For comparison experimental data on the corre-
sponding mixed-wet Bentheimer sandstone are presented.

absolute values of the capillary pressure near the end points,
beyond the range of the experimental data.

The relative permeability of the calibrated network is in
good agreement with the experimental data, as shown in
Fig. 15. However, at the initial water saturation there is a
difference between the oil relative permeability of network
model and experimental data. This could be attributed to
discrepancies in the assignment of conductivity at the initial
condition.

Enhancing image quality could decrease the uncertainty
in the imaging and would give us the possibility to deter-
mine thermodynamic contact angle on the pore-by-pore basis
[39], which could be used as an initial guess to accelerate
convergence. Also, high resolution images can give us the
opportunity of using saturation instead of filling state in the
optimization algorithm. Furthermore, for future work, more
sophisticated optimization techniques to solve inverse prob-
lems such as Markov chain, data assimilation, and evolution-
ary techniques could be tested."

C. Evidence for contact angle correlation

In the previous section, it was shown that using the op-
timization workflow that considers the thermodynamic con-
tact angle as the initial guess, we were able to arrive at
a distribution of contact angle which leads to a pore-by-
pore discrepancy in filling state similar to or less than the
differences between repeated experiments. At the same time,
the macroscopic properties of kr and Pc obtained by this
method agreed well with the experimental measurements. In
this section, we analyze the contact angle distribution that
allowed for a good agreement between model predictions and
the experiments for both water-wet and mixed-wet samples.

We start our analysis with an assessment of how the results
are changed if we keep the same distribution of contact angle
but distribute it randomly in the network: that is, we do not
associate a specific angle with a particular element, but simply
give an element a value from the optimized distribution. Here,
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(a)

(b)

FIG. 16. (a) Capillary pressure and (b) relative permeability for
water-wet sample obtained using optimised distribution of contact
angle, and ten randomly redistributed realizations of optimized con-
tact angle.

pore network modeling is performed for ten realizations of
redistributed pore and throat contact angles.

The results for capillary pressure and relative permeability
for the water-wet case are shown in Fig. 16. The difference be-
tween results for the optimized distribution and the randomly
redistributed one is seen for higher water saturation where the
oil phase loses connectivity. However, it can also be observed
that both model predictions for capillary pressure and relative
permeability agree to a good extent with experiment.

For the mixed-wet case, Fig. 17, the random contact angle
distribution cannot reproduce the experimentally measured
macroscopic properties, unlike the optimised model results.
With a spatially random distribution, the water relative per-
meability is underestimated significantly while the residual oil
saturation is overestimated. Hence it can be inferred that the
contact angle distribution should have some kind of correla-
tion that allows for better connectivity of oil and water near
the endpoints.

(a)

(b)

FIG. 17. (a) Capillary pressure and (b) relative permeability for
mixed-wet sample obtained using optimized distribution of contact
angle, and ten randomly redistributed realizations of optimised con-
tact angle.

We will study two types of correlation. Firstly, we will
investigate if there is a relationship between pore size and
wettability: that is, do larger pores and throats tend to be
more oil-wet (larger contact angles) or more water-wet. The
correlation coefficient between two arbitrary variables x and y
denoted by ρxy is defined as follows:

ρxy =
∑

i (xi − x̄)(yi − ȳ)√∑
i (xi − x̄)2

√∑
i (yi − ȳ)2

. (10)

Here x is the contact angle for element i while y is the
inscribed radius of the element (pore or throat). Note that the
sum is over all pores or all throats, so we define correlation
coefficients for pores and throats separately. x̄ and ȳ are
average contact angle and average radius.

For the water-wet sample ρxy for pores is 0.52 and for
throats is 0.44, which means a moderate positive relation-
ship between contact angle of elements and their inscribed
radius. For the mixed-wet case ρxy between contact angle and
inscribed radius of pores is 0.70, which indicates a strong
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positive linear relationship between pore inscribed radius and
pore contact angle; similarly for throats ρxy is equal to 0.68.
Our results are in agreement with previous studies in which
the term mixed-wet was used for rocks where the largest
pores are oil-wet, with the small pores remaining water-wet
[54,55]. This correlation has also been observed directly
from contact angle measurements in a mixed-wet reservoir
carbonate [40], where again the larger pores tended to be more
oil-wet.

Secondly, we will test if the wettability is spatially
correlated with clumps of more water-wet and more oil-
wet pores. The spatial correlation ξ (d ) of contact angle
from the center of two elements i and j in the network
model where d is the Euclidean distance between these two
locations

ξ (d ) =
∑

j

∑
i li j (θi − θ j )2

2σ 2
∑

j

∑
i li j

, (11)

where the sums over i and j are over all pores and all throats.
li j (d ) is defined as follows:

li j (d ) =
{

1 d − ε < di→ j < d + ε

0 otherwise. (12)

σ 2 is the variance of the contact angle, di→ j is the Eu-
clidean distance between centres of the element i and the
element j. ε is the statistical length, in this study a length of
2μm was used for ε. Note that the value of ξ (d ) for infinite
range or high values of r converges to 1. ξ (d ) = 0 indicates
a perfect correlation between two spatially separated values,
whereas ξ (d ) = 1 indicates no correlation, and ξ (d ) > 1
represents an anticorrelation.

The spatial correlation for both models is shown in Fig. 18.
For comparison, added are the results for spatial correlation in
the three reservoir carbonate samples from AlRatrout et al.
[56]. These samples include a water-wet sample WW, a
mixed-wet sample MW, and an oil-wet sample OW. The corre-
lation length can be regarded as a measure for the stationarity
of a specific parameter distribution in space [57]. Here, where
ξ (d ) becomes stationary is considered the correlation length.
Our results indicate the loss of spatial correlation around one
average pore diameter for water-wet Bentheimer, which is
45 μm. On the other hand, the loss of spatial correlation for
the mixed-wet sample is around the maximum pore diameter
which is 200 μm or approximately four times the mean pore
diameter. Based on AlRatrout et al. [56] the correlation length
for both water-wet and mixed-wet samples were between the
minimum and the average pore diameter, while for the oil-wet
sample the correlation length was around the maximum pore
diameter. In our case, we observe that both samples show
some spatial correlation but for the mixed-wet sample the
spatial correlation length is higher.

V. CONCLUSIONS

Pore network modeling has been used to develop a new
method for pore-by-pore comparison of fluid occupancy in
multiphase flow. A workflow that optimizes the contact angle
distribution was developed and validated against water-wet
and mixed-wet steady-state waterflood experiments in Ben-
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FIG. 18. Spatial correlation, ξ (d ) of (a) water-wet and (b) mixed-
wet samples. Also, results obtained by AlRatrout et al. [56], for
(a) WW carbonate, (b) OW and MW carbonates are presented.
Dashed vertical lines are the characteristic lengths representing min-
imum, mean, and maximum pore diameter size for each sample.

theimer sandstone. The proposed workflow solves a nonlinear
inverse problem, based on the adjusting contact angle of
each element (pore and throat) to obtain the experimentally
observed filling order. The method enabled us to model fluid
distribution in the pore space with an uncertainty similar to or
lower than repeated experiments.

It has been shown that the initial guess for contact angle
has an important effect on the macroscopic parameters. The
thermodynamic contact angle obtained from an energy bal-
ance applied to the experimental data worked well as an initial
guess, but it was necessary to adjust the contact angles of each
pore and throat in the model around this base-case value to
match the filling sequence observed experimentally.

Once the filling sequence was matched successfully, we
predicted capillary pressure and relative permeability as a
function of saturation to within the experimental errors in the
measurements.

Finally, an analysis of the optimized distribution of contact
angle for network elements has shown that there is a mild
degree of correlation between pore size and contact angle,
with larger pores and throats tending to be more oil-wet.
Moreover, we found that there is a spatial correlation in the
contact angle distribution; if a spatially random distribution is
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used instead, the predictions of multiphase flow properties are
poor, particularly for the mixed-wet sample studied.

In the future, we could extend this study to investigate a
wider range of samples, including carbonates and reservoir
samples. Furthermore, for steady-state experiments, we only
consider a restricted series of fluid configurations. However,
unsteady-state experiments, performed with, for instance, fast
imaging [13,15,58] may provide a richer assessment of the
pore-by-pore displacement dynamics, allowing a more accu-
rate calibration of the network model. Finally, we can then use

these calibrated models to predict properties for conditions
outside the range studied experimentally.
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