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a b s t r a c t

Fines migration is a formation damage mechanism that occurs in sandstone formations due to the in-
compatibility between injected fluids and in situ fluids during various operations such as water flooding,
drilling, and completion. Fines migration can lead to production problems such as pore blockage and
reduced permeability. Parameters such as salinity, pH, and flow rate affect the forces between fines and
the rock surface, potentially triggering fines migration. Therefore, predicting the conditions that lead to
fines release and migration is critical for ensuring safe operations. Enhanced oil recovery methods, such
as low-salinity water injection and alkaline flooding, alter the salinity and pH within the formation,
affecting the electrostatic interaction forces between fines and the rock surface. Hydrodynamic forces
also influence fines release. Therefore, predicting the initiation of fines migration requires considering
and analyzing all these forces. In this work, a modified method based on DLVO theory was developed to
predict the critical pH for fines release. The model estimates the onset of fines migration by evaluating
electrostatic and hydrodynamic repulsive and attractive forces. For example, the model predicted critical
pH values of 8 and 10 at salinities of 0.2 M NaCl and 0.25 M NaCl, respectively. Several core flooding tests
were conducted to measure the critical pH for fines release, validating the developed model. The
experimental observations showed good agreement with the model, with an error of approximately 13%
in predicting the critical pH. The developed approach enables the identification of optimal brine con-
ditions to mitigate fines migration and formation damage, which is a significant finding for enhanced oil
recovery and production operations.

© 2025 Chinese Petroleum Society. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Formation damage is a significant challenge in managing oil
reservoirs, as it impacts recovery and the long-term productivity of
fields. It occurs due to unfavorable interactions between invaded
fluids, rock particles, and in situ reservoir fluids, often triggered by
operations such as drilling, completion, and injection (Chequer et al.,
2021; Khilar and Fogler, 1984). Physical or chemical changes within
the reservoir caused by formation damage can lead to decreased
hydrocarbon recovery and significant management challenges (Al-
Sarihi et al., 2018; Karazincir et al., 2017; Russell et al., 2018).

One mechanism of formation damage is the migration of fine
particles (Al-Sarihi et al., 2018). According to Muneer et al. (2022),
fines migration, which can significantly reduce reservoir perme-
ability and productivity, represents a critical challenge in water
flooding and enhanced oil recovery (EOR) operations. Key physical
and chemical properties of the injected fluid, such as salinity and
pH, directly influence the reservoir's equilibrium state and the
behavior of fines (Barnaji et al., 2016; Mehdizad et al., 2022). For
example, low-salinity water flooding (LSWF) can destabilize fines
by weakening the adhesive forces between clay particles and rock
surfaces due to alterations in ionic strength (Agi et al., 2023;
Mehdizad et al., 2022; Wang et al., 2021). Similarly, changes in the
pH of injected fluids can modify mineral dissolution and precipi-
tation processes by altering the surface charges of mineral particles,
leading to fines detachment.

One of the largest sources of oil and gas reserves is sandstone
reservoirs, which predominantly consist of sand grains and clay
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particles on rock surfaces, with oil or water occupying the void pore
spaces within the rock matrix (Chavan et al., 2019). However, under
certain chemical conditions during oil production, clay particles in
sandstone may become unstable and block the fluid channels
(Gong et al., 2016). For example, during the alkaline flooding in
sandstone reservoirs, injected fluids' pH influences the sand fine
system. A rise in pH reduces the negative charge of surface-active
components on clay particles, thereby decreasing repulsive forces
and increasing the likelihood of detachment. This destabilization is
exacerbated by the ionic strength of the injected water. For
example, in salt-free solutions, the absence of counter-ions en-
hances clay destabilization, leading to permeability loss at a lower
pH of 2.6, as reported by Vaidya and Fogler (1992), compared to 3.6
as observed by Kia et al. (1984). Hence, fines detachment is related
to a combination of salinity and pH conditions.

Muneer et al. (2020) found that high pH conditions promote par-
ticle mobilization due to increased repulsive forces. Experiments us-
ing salt solutions, such as NaCl, under high-pH conditions confirmed
this phenomenon (Muneer et al., 2020; Rosenbrand et al., 2015) They
observed that clay particles, such as kaolinite, interactwithOH� ions,
and as the surface charge of clay particles becomes less negative, OH�

diffuses away, reducing repulsive forces. Ma et al. (2020) demon-
strated that under neutral pH conditions (pH ¼ 7), clay surfaces
adsorb both OH� and cations, leading to a more dispersed cation
distribution and increasing repulsive forces between clay particles
and the rock surface, contributing to clay swelling.

Another factor influencing permeability reduction during alka-
line flooding is the flow rate of the injected fluid. Bradford et al.
(2013) and Karazincir et al. (2017) suggested that clay particle
mobility increases under high-velocity fluid flow conditions. Dur-
ing high-rate fluid injection, clay particles are released, migrate into
the pores, and become trapped, leading to further permeability
reduction (Khilar and Fogler, 1984; Musharova et al., 2012). Muneer
et al. (2023) suggested that a high pH value may also lead to fines
release even at low fluid injection rates. However, Johnson et al.
(2009) observed that under buffered saltwater conditions, neutral
pH has a negligible effect on fines migration, regardless of velocity.

The critical values of velocity, temperature, pH, ionic strength,
and particle repulsion significantly influence fines release in res-
ervoirs. Moreover, the critical value marks the onset of fines release
(You et al., 2019). When the properties of the injected fluid exceed
their critical values, fines migration begins. This raises the question
of how to determine the potential for fines migration. For instance,
Muneer et al. (2020, 2022) identified critical factors through
modeling, which were later validated by experimental studies.

To examine the effect of water salinity on particle release and
migration, researchers used the concept of Critical Salinity Concen-
tration (CSC). When water salinity falls below the CSC, fines are
released and subsequently mobilized from the rock surface (Khilar
and Fogler, 1984; Kia et al., 1987; Mansour et al., 2020). This hypoth-
esis was experimentally validated by Muneer et al. (2020), who
conducted chemical analyses of rock and fluid compositions. The CSC
was predicted using the DerjaguineLandaueVerweyeOverbeek
(DLVO) model, which calculates the energy required for particle
detachment and movement within a rock system.

Musharova et al. (2012) and Yan et al. (2015) applied DLVO theory
in their experiments to evaluate the forces influencing particle
behavior. Their findings suggest that DLVO theory is suitable for
describing interactions infine-sand-brine systems. According to their
study, repulsive forces significantly contributed to reduced fines
migration and lower permeability. The verifiedmodel of DLVO is then
used to predict fines detachment during coreflood tests, which have
demonstrated that under certain conditions (e.g., changes of tem-
perature, salinity, or pH), repulsion force is dominant, especially in
matrix clays systems.

The DLVO theory provides a framework for understanding the
impact of these forces, enabling the estimation of formation dam-
age and its control strategies. While previous scientific research has
thoroughly studied the effects of salt concentrations and ionic
strength using DLVO theory, the main idea of this work is to predict
fines migration initiation at different pH levels and under varying
conditions of flow rate.

Critical pH modeling is important since it helps to avoid the
formation of damage at alkaline flooding into the sandstone res-
ervoirs by controlling the surface charge interaction between the
rock surface and fines. The electrostatic repulsion reaches its
maximum state at the critical pH level, so the net surface potential
reaches zero or becomes positive, which leads to detaching the
fines. Therefore, the objective of this thesis is to predict critical pH
and flow rate during the water injection for sandstone reservoirs,
using DLVO modeling. To validate the model, a comparison with
actual experimental data was made.

2. Theory

DLVO theory provides a conceptual framework for describing
interactions between surfaces separated by a liquid, particularly in
colloidal systems. This theory is based on the laws of intermolecular
forces of electromagnetic origin (Hernandez, 2023). According to
DLVO theory, interactions are governed by two opposing forces:
attraction and repulsion. Khilar and Fogler (1984), Trefalt and
Borkovec (2014), and Muneer et al. (2020) noted that the cumula-
tive effects of attractive van der Waals forces (VLVW), repulsive
electric double-layer forces (VEDL), and Born forces influence par-
ticle movement and can control fines migration. To quantify this
phenomenon, Sourani et al. (2014) evaluated the forces between
spherical and planar surfaces, representing fine particles and sand
grains, respectively, providing a framework for understanding
particle behavior in such systems.

Attractive forces between particles exist when they are close.
The distance at which molecules, atoms, and particles attract each
other does not depend on covalent or ionic interactions but rather
on attraction energy (Khilar and Fogler, 1984). This energy de-
creases rapidly and has an action range of less than 10 nm. The
fluctuating dipoles of atoms generate electrostatic forces, and the
negative sign of van der Waals potential energy indicates attractive
interactions (Gregory, 1981). According to Ohshima and Takeda
(2024), the Hamaker constant parameter is used to measure the
strength of van der Waals forces between materials and represents
the interaction surfaces.

Repulsiveelectrostatic forces result fromthedistributionof charge
on surfaces and in the surrounding liquid, particularly when the
surfaces are electrically charged. Moving ions in a solution with a
specific salinity creates ionic layers around charged sand grains and
the tiny, similarly charged particles dispersed throughout the solu-
tion. From the surrounding brine, positively or negatively charged
particles are attracted to oppositely charged ions, forming a compact
yet dynamic layer (Loeb et al., 1961; Muneer et al., 2022). The excess
charge is balanced by an equivalent number of oppositely charged
ions from the brine solution, establishing a secondary layer known as
the diffuse layer. The ions in this diffuse layer move independently
between the brine and the diffuse layer itself (Elimelech, 1995).

To differentiate between the compact and diffuse layers, zeta
potential is used in DLVO modeling. Generally, the formulation
considers two boundary conditions: either one surface maintains a
constant charge density while the other maintains a constant po-
tential, or both sand grains and fine particles possess a fixed charge
or surface potential (Ali et al., 2022). Compared to surface charge
measurements, zeta potential is a more practical parameter for
identifying fines migration (Muneer et al., 2020).
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Another repulsive force influencing clay particle migration is the
Born repulsive potential. According to Muneer et al. (2022), Born
repulsion occurs when particles are extremely close together,
causing their electron clouds to overlap. However, if the distance
between particles exceeds 1 nm, the effect becomes negligible
(Mansour et al., 2020; Muneer et al., 2022; Yang et al., 2022).
Additionally, Israelachvili (2011) supports van der Waals theory,
which states that when the separation between surfaces exceeds
5 nm, the Hamaker constant remains effective. However, if the
separation distance falls below 3 nm, the effect decreases by
approximately 25%, aligning with theoretical expectations. In such
cases, Born repulsion can be considered negligible. Yang et al.
(2022) distinguished Born repulsion from EDL by its lower sensi-
tivity to salinity. This distinction can be explained using DLVO pa-
rameters: while EDL is represented by zeta potential, which is
directly influenced by salinity, Born repulsion is determined by the
Hamaker constant, which depends on particle size (Barouch et al.,
1987; Schumacher and van de Ven, 1987).

Hydrodynamic forces also play a crucial role in the release of
fines from rock surfaces. Factors such as particle size, injection fluid
velocity, salinity, and pH significantly influence this process.
Muneer et al. (2023) investigated fines migration under both low
and high injection rates, taking into account brine salinity and
particle size. At low injection rates, electrostatic forces were found
to dominate the detachment of clay particles from sand, and the
forces exerted by fluid movement on fine particles are negligible.

Fig. 1 shows how fine particles detach andmove through porous
media based on forces that have an impact on formation damage.
The relationship between the hydrodynamic (lift Fl, and drag Fd)
forces, gravity force (Fg), and electrostatic force (Fe) regulates par-
ticle mobility. The DLVO theory demonstrates that this value results
from the combined powers of electrostatic repulsion alongside van
der Waals attraction. However, when the hydrodynamic forces
become higher than the gravitational and electrostatic forces, there
is a possibility that fines start to release even when pH or salinity
are within the critical thresholds. During high flow-rate injection,
the increased shear stress exerted by fluid flow on the rock surface
becomes the dominant factor driving particle migration. As a result,
hydrodynamic forces significantly increase, overpowering electro-
chemical forces and leading to particle detachment.

The total interaction energy considering both electrostatic and
hydrodynamic forces can be written as:

V ¼VLVW þ VEDL þ VBR þ Vhydro (1)
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where VLVW, VEDL, and VBR are van der Waals, electric double layer,
Born forces, and hydrodynamic forces, respectively. However, van
der Waals attraction may vary based on different particles and the
geometry. Gregory (1981) suggested Equation (2) to calculate the
van der Waals force for kaolinite platelets.

Fine detachment during the high flow rate can be affected by
several forces, such as hydrodynamic or drag force (Fd), lift force
(Fl), electrostatic force (Fe), and gravity force (Fg), these forces are
calculated using Equations (5)e(7), respectively (Saffman, 1965;
O'Neill, 1968; Chrysikopoulos and Syngouna, 2014). The electro-
static force is found by using the separation distance and taking the
derivative of the total energy values. Hydrodynamic forces have a
significant role during the injectionwith a high rate because of flow
rate fines, detachment may occur earlier than at critical pH.
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Equation (8) is used to analyze the velocity profile of fluid flow
in porous media around fine particles. Specifically, it aligns with the
velocity distribution in the creeping flow regime, such as that
governed by Stokes flow, where inertial forces are negligible
compared to viscous forces.
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Equation (9) defines the conditions for fines release, which oc-
curs when the injection velocity exceeds the critical rate. In this
equation, the injection velocity accounts for the relationship be-
tween drag forces, lift forces, the external moment of viscous stress,
and the fine particle radius.
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Equations (8) and (9) were used to make the final equation to
generate the critical velocity profile for brine injections in porous
media. However, during the low injection rate, the lift forces can be
neglected compared to drag forces. Therefore, by considering forces
that have an impact on fines detachment, Equation (10) was
developed to calculate the critical rate using DLVO modeling
(Muneer et al., 2024).
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The DLVOmodel can be influenced by pH, as it affects the EDL by
altering the surface charge of particles. This change can disrupt the
balance between attractive and repulsive forces, impacting particle
behavior. For example, Muneer et al. (2020) highlighted that high
pH levels promote particle repulsion and mobilization. This occurs

Fig. 1. Acting forces on a fine particle on the sand surface (Sourani et al., 2014).
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due to an increase in negative surface charge and a decrease in zeta
potential, which serves as an indicator of surface charge. A decrease
in zeta potential confirms the change in surface charge at high pH
levels, leading to an increase in electrostatic repulsive forces and
the release of fine particles.

It is important to note that the impact of pH may vary across
different parts of a material due to differences in charge distribu-
tion. Yang et al. (2022) illustrated this variation using kaolinite
surfaces as an example. The edge surface of kaolinite interacts with
charged hydrogen species (OH� and Hþ), while the face surface
maintains a constant negative surface potential. Assef et al. (2014)
attributed this effect to colloidal forces between clay particles and
sand grains. According to the authors, these forces are influenced
by ionic strength and pH, with the edge surface of kaolinite being
more pH-sensitive than the face surface. This behavior aligns with
DLVO modeling, which links particle interactions to the energy
components of these forces.

3. Methodology

DLVO modeling provides a fundamental framework for under-
standing the colloidal system and its stability, helping to predict the
critical pH by modeling the interaction forces between system
particles. These forces were analyzed to determine the critical pH
values, with fine migration occurring at the point where the net
interaction between these forces becomes positive. This work in-
cludes both modeling and experimental studies, where core
flooding experiments with NaCl brine at varying pH levels were
conducted to model surface force interactions and predict the
critical pH value of the injection fluid.

3.1. Measurement of parameters to model fines migration by DLVO

The DLVO theory explains fluid-rock interactions and their
behavior during various water injection processes at different pH
levels. To determine the attractive and repulsive forces within the
brine-sand-fines system, the average size of the fines was measured
using scanning electronmicroscopy (SEM), and the zeta potentials of
the sand particlesweremeasured using a Zetasizer and subsequently
modeled. Additionally, the salinity and pH of each brine samplewere
carefully considered. van der Waals and electric double-layer forces
were calculated using Equations (2) and (3), respectively (Gregory,
1981; Muneer et al., 2020; Sourani et al., 2014). Another repulsive
force thatmay influencefinesmigration, the Born repulsive potential,
was calculated using Equation (4). When the flow rate was high, the
model incorporated hydrodynamic forces using Equations (5)e(10).
After calculating each repulsive and attractive force, they were
quantified using Equation (1) (Mansour et al., 2020; Muneer et al.,
2020; Khilar and Fogler, 1984; Trefalt and Borkovec, 2014), and the
DLVOmodel was developed.

The DLVO model was used to predict the migration of fine
particles. As an example, cases with salinities of 0.1 M NaCl, 0.2 M
NaCl, 0.25 M NaCl, and 0.3 M NaCl were analyzed to determine the
critical pH value under low flow rate conditions. For high flow rate
conditions, the critical flow rate was determined based on the work
of Muneer et al. (2023). Specifically, a salinity of 0.25MNaCl and pH
7 was used, along with a case where pH was increased to 8 while
maintaining the same salinity. Several constant parameters used in
the study are shown in Table 1. Brine viscosity and density were
measured using an Anton Paar viscometer, while pore and particle
radius were measured using scanning electron microscopy. The
Hamaker constant was integrated by Muneer et al. (2022) for the
kaolinite-sand-brine system. For systems containing other clay
minerals, the Hamaker constant should be adjusted to reflect the
specific van der Waals interaction properties of the respective clay.

3.2. Brine preparation

The brine salinity was selected to be higher than the CSC based
on previous analysis, following the approach outlined in Muneer
et al. (2020, 2022). This selection ensures that the system re-
mains within the regime where wettability alteration and fines
mobilization are sensitive to pH changes, allowing for an accurate
determination of the critical pH threshold. Therefore, injection
brine salinities of 0.2 M NaCl and 0.25 M NaCl were chosen. This
restricted salinity range enables to study of small modifications in
DLVO forces while remaining able to identify specific detachment
thresholds. Brines with different pH values, ranging from 6.5 to 11,
were prepared at each salinity level (0.2 M and 0.25 M NaCl) to
measure the critical pH. The testing scope included this pH range
because it covered both neutral and strongly alkaline conditions
that commonly occur with alkaline EOR and low-salinity water
flooding operations. Laboratory analysis of this pH range de-
termines when electrostatic repulsion reaches its minimum point,
which results in fines separation from mineral material.

Moreover, these conducted pH values reduce the possible effects
of mineral dissolution, which affects the migration rate of fine
particles, since an acidic environment contributes to such phe-
nomena more effectively. The dissolution of minerals remained
minimal enough to be ignored in the analysis due to experimental
conditions. Reagent-grade NaCl (Sigma Aldrich) was dissolved in
distilled water using a magnetic stirrer to prepare the brines. The
samples were carefully stirred at room temperature, and pH mea-
surements were taken once the readings stabilized. The adjusted
pH levels of the NaCl brines are listed in Table 2. For the experi-
mental phase, Berea sandstone core samples were saturated with
formation water with a salinity of 76,960 ppm. The composition of
the NaCl brine and formation water was adjusted by adding NaOH,
and samples with pH values ranging from 6.5 to 11 were prepared
at each salinity level.

3.3. Rock preparation

The Upper Berea Sandstone outcrop samples were used to
evaluate the modeled critical pH for sandstone reservoirs. Cores

Table 1
Constant parameters that are used for the DLVO application in our study.

Parameter Symbol Value

Fluid Temperature T 297.15 K
Hamaker constant AH 3 � 10�21 J
Boltzmann constant KB 1.38 � 10�23 JK�1

The dielectric constant of water εm 80
Permittivity of vacuum εo 8.85 � 10�12 C2J�1m�1

Electron charge e 1.6 � 10�19 C
Avogadro's Number NA 6.02 � 1023 mol-1

Atomic collision diameter s 5 � 10�10 m
Effective electrostatic force Fe 3.07 � 10�11 kg m/sec2

Brine viscosity m 0.001121 kg/m sec
Pore radius rp 5 � 10�5 m
Kaolinite density rf 2650 kg/m3

Brine density r 970 kg/m3

Table 2
Composition of injection brine and formation water.

Ions Formation water (ppm) Injection brine (ppm)

Naþ 23427 4595
Caþ 4450 0
Mgþ 1302 0
Cl- 47781 7092
Total 76960 11687
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were selected and characterized to establish grain size, particle size
distribution, and chemical composition. The average length and
diameter of the samples were 7.5 cm and 3.8 cm, respectively.
Mineralogical analysis via XRD revealed that the samples are pri-
marily composed of quartz, with smaller amounts of magnesium
oxide (MgO), iron oxide (Fe2O3), aluminum silicate (Al2SiO5), and
aluminum oxide (Al2O3), as shown in Table 3. To better understand
the rock's composition and its physical and mechanical properties,
SEM was employed. The analysis confirmed that silicon has the
highest concentration in the Berea outcrop sample.

First, Berea sandstone samples were cut, dried in an oven, and
their dry weights were recorded. After saturation, the wet weights
were measured to determine porosity, which ranged from 0.192 to
0.194, and liquid permeability, estimated to be between 350 and
400 mD. The core samples were then used for core flooding ex-
periments to validate the model.

3.4. Zeta potential determination

Zeta potential measurements are a valuable method for study-
ing the behavior of colloidal particles in liquids. In this study, Berea
sandstone core samples were crushed using a core-crushing
apparatus, and the resulting fine powder was sieved through a
40 mm sieve tomeasure the sand-brine zeta potential. To ensure the
sample was representative and free of contaminants, the sand
powder underwent multiple cleaning steps using n-hexane,
acetone, and distilled water. The samples were then dried in an
oven at 60 �C for one day, rinsed with 0.5 M hydrochloric acid, and
further cleanedwith solutions of 0.2M and 0.25M sodium chloride,
adjusted with sodium hydroxide, until the adjustment of the
required pH.

After 24 h of equilibrium exposure, zeta potentials were
measured using Malvern Zetasizer equipment to ensure the correct
brine-to-sand particle ratio. The measured zeta potentials for the
sand-brine systemswere incorporated into DLVOmodeling, and pH
values were assessed for all samples. While using a Zetasizer to
measure zeta potential is a commonly applied experimental
method, it has certain limitations. It can be time-consuming,
resource-intensive, and difficult to scale for subsurface conditions
with a wide range of variables. Therefore, alternative approaches
that are both efficient and reliable are needed.

To gain a more comprehensive understanding of zeta potential,
an alternative predictive model was developed using the XGBoost
(eXtreme Gradient Boosting) machine learning technique, which
combines boosting techniques with decision trees. The zeta po-
tential prediction using XGBoost involved several steps: data
collection, preprocessing, model training, and evaluation. XGBoost
was selected due to its strong predictive performance in most
literature and its suitability for small to medium-sized datasets.
This made it a practical choice for the current dataset, which in-
cludes variables such as pH, ionic strength, ion type, temperature,
and medium that exhibit complex non-linear interactions. The use
of deep learning models was excluded because such models need
extensive datasets to minimize overfitting issues. Moreover, the
regularization features built into XGBoost contribute to improved
model stability and generalization.

A dataset of 173 data points was created from our experiments
and academic papers where zeta potential had been determined
experimentally or through modeling. The temperature range
spanned from 15 to 145 �C, with ionic strength varying from 0 to
29,220 ppm for NaCl and 0 to 20,000 ppm for KCl. The dataset also
included various porous media, such as Berea sandstone, gray
sandstone, Buff sand, clay sand, Bandera, Parker, glass beads,
kaolinite, and coal fines. Brine pH values ranged from 1 to 12.

Data preparation for machine learning included normalizing
continuous features, such as pH, salinity, temperature, and ionic
strength, to a range between zero and one. This normalization step
ensured that larger-scale features, like salinity, did not overshadow
smaller-scale features, such as pH. Categorical variables, like the
type of porous medium, were converted to binary values for
compatibility with the model and to ensure interpretability. The
finalized dataset was split into three subsets: 70% for training, 15%
for validation, and 15% for model performance evaluation. Stratified
sampling was applied to ensure a uniform distribution of features
across all subsets.

3.5. Core flooding for low-rate fluid flow

A series of coreflood tests using NaCl brine was conducted to
measure the critical pH. Each test was performed at room tem-
perature (24 �C), with a back pressure of 260 psi and a confining
pressure of 1000 psi. As the system's salinity was reduced from
77,000 ppm to 11,688 ppm (0.2 M NaCl) and 14,610 ppm (0.25 M
NaCl), a soaking period between injections was necessary to
establish surface force equilibrium. For each test, 2 pore volumes
(PV) of the specified NaCl brinewere injected at a rate of 0.2 cc/min,
followed by a 24-h soaking period. After soaking, brine with the
same salinity but an increased pH was injected. The same proced-
ure was repeated using 0.25 M NaCl brine. The low injection rate of
0.2 cc/min was chosen to minimize the effect of hydrodynamic
forces on fines migration. The pH was systematically increased
from 6.5 to 11 in increments of one.

A schematic image of the coreflood setup is shown in Fig. 2, and
the same methodology was applied using 0.25 M NaCl brine. The
device analyzes important parameters, which include brine sensi-
tivity, together with critical flow velocity and EOR methods. The
device offers controlled operation through computer software that
enables both manual and automated management of pumps and
valves and data recording. The automated test routines execute
through an integrated test sequencer. The isothermal convective air
bath contains core components with a core holder and air-operated
valves, and an optional fluid separator and plumbing.

Table 3
Mineralogy of sandstone sample determined by XRD.

Chemical composition Formula Weight (%)

Quartz SiO2 87.14
Kaolinite Al2Si2O5(OH)4 6.41
Aluminum oxide Al2O3 3.97
Magnesium oxide MgO 0.81
Iron oxide Fe2O3 1.67

Fig. 2. Core flooding system setup for enhanced oil recovery experiments. Reproduced
from Vinci Technologies.
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3.6. Coreflooding experiment at high flow rate

To measure the critical velocity and consider the hydrodynamic
forces, the injection rate of brine with salinity above CSC was
gradually increased from 0.2 cc/min to 5 cc/min. The test began
with an injection of 3 PV of brine at a rate of 0.2 cc/min, after which
a soaking period was given to ensure sufficient contact between
sand, fine, and injection brine. Then, the same 0.25 M NaCl brine
was injected, and the injection rate gradually increased with each
3 PV injection. 3 PV was chosen to see any pressure change in the
system. Due to the potential for fine migration, pressure drop
values were recorded at each step. The test was carried out to
determine the experimental value of the critical flow rate at a
higher CSC salinity and lower critical pH.

3.7. Effluent analysis

At the end of each flooding, pressure difference data and efflu-
ents were collected at various pH levels of the injected fluid. UV-VIS
spectroscopy was employed to analyze the effluent, a method that
determines the concentration of compounds in a sample by
measuring ultraviolet absorption. By examining the data, the crit-
ical pH level and the presence of fine particles can be compared
with the results of the DLVO theory, which is supported by higher
absorption at specific wavelengths.

4. Results

4.1. Modeling of fines migration by DLVO at a low flow rate
condition

4.1.1. Zeta potential measuring and modeling
Zeta potentials for 0.2 M NaCl and 0.25MNaCl were determined

after cleaning the sand particles and dispersing them in brine using
a magnetic stirrer and ultrasonic homogenizer. The measured zeta
values are shown in Tables 4 and 5, respectively. For other types of
brine, the values were modeled by the developed machine learning
approach. Model performance evaluation used R2 coupled with
RMSE, along with MAE as metrics. Training performance of the
model achieved an R2 value of 0.93, but testing and validation
yielded an R2 value of 0.91, thus producing an overall R2 value of
0.92. Themodel produced its best RMSE of 0.25 on the training data
yet showed increased values of 0.3 and 0.28 for validation and
testing, respectively, which indicates higher prediction error for
new data points. The performance pattern for MAE shows that
training results produced 0.19 while validation/testing rates fell
between 0.21 and 0.22, and the outcome reached 0.218.

To validate the accuracy of the model's output parameters,
experimental values for 0.2 M NaCl and 0.25 M NaCl were
compared with the model predictions. The experimental and
modeled zeta values are presented in Table 4. The average error
between the experimental and the modeled error is 5.97%. The data
indicate that zeta potential decreases as the pH of the brine

increases, which can be attributed to the presence of additional
hydroxide ions in the solution. Furthermore, since zeta potential is
influenced by temperature at different pH levels, the measure-
ments were conducted at room temperature to minimize any
additional effects on the output values.

For the brines with a salinity of 0.25 M NaCl, the properties of
the samples and the modeled zeta values are shown in Table 5.
Similarly, the zeta potential decreases with an increase in pH. To
validate the effectiveness of the zeta potential prediction model for
different ionic strengths, additional values weremodeled, as shown
in Fig. 3. A decrease in brine salinity leads to a reduction in zeta
potential, similar to the effect of increasing pH toward basic con-
ditions. These changes can result in the expansion of electric double
layers and an increase in repulsive forces, which contribute to the
migration of fine particles.

4.1.2. DLVO modeling to predict critical pH for the initiation of fines
migration

For DLVO modeling, surface forces between fines and sand
grains were estimated based on observed zeta potentials under
various pH conditions and brine ionic strengths. The total interac-
tion energy of each system was determined using DLVO modeling,
as illustrated in Fig. 3. The total interaction energy represents the
sum of the attractive and repulsive potentials in the system. The
results for the modeled critical pH are shown in Table 7. The critical
pH point was identified as the threshold where the attractive forces
between fine particles in a sandstone sample and the injected brine
are no longer sufficient to counteract the repulsive forces. This
imbalance causes particle separation and subsequent migration.

For 0.25 M NaCl injection brine, sand grains, and fines were
surrounded by compacted EDL at pH values between 6.5 and 9.5.
Under these conditions, the attractive forces outweighed the
repulsive forces, resulting in negative total interaction energy,

Table 4
Comparison of experimental and modeled zeta potential values for 0.2 M NaCl.

Ionic strength pH Z (experiment) Z (model)

0.2 M NaCl 6 �18.2 �17.06
7 �20.4 �20.69
8 �23.7 �21.01
9 �25.8 �22.6

10 �27.5 �26.04
11 �28.9 �29.81
12 �31 �30.41

Table 5
Modeled zeta potential values for 0.25 M NaCl at different pH levels.

Ionic strength pH Z (experiment) Z (model)

0.25 M NaCl 6.5 �16.5
7.5 �16.97
8.5 �17.42 �17.38
9 �18.97 �18.31
9.5 �23.6

10 �27.13 �26.86
10.5 �27.11
11 �28.43 �28.81
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which indicates that fines migration does not occur. However, as
the pH increased beyond 10, the total interaction energy became
positive, reflecting stronger repulsive forces. This shift can be
attributed to the increased pH, which enhances the EDL forces
between sand and fines. EDL expansion preserves particle separa-
tion, thereby increasing repulsive forces. Salinity also influences
EDL expansion. At 0.25 M NaCl, the ionic strength prevents signif-
icant EDL expansion at low pH due to the higher ion concentration
in the brine. Consequently, the critical pH for fines migration was
observed to be 10, as the increased hydroxide ion (OH�) concen-
tration at higher pH levels outweighs the effects of ionic strength.

Testing with 0.2 M NaCl, identified as the CSC for fines migration
initiation (Muneer et al., 2022), showed a critical pH of 8. Using the
modeled zeta potential values, brine with 0.1 M NaCl salinity
exhibited positive total interaction energy starting at pH 7, while
brine with 0.3 M NaCl salinity demonstrated negative total inter-
action energy. At low salinities, EDL expansion is significant
because of the reduced ionic strength, leading to greater particle
separation. In contrast, at high salinities, increased ion concentra-
tion reduces the influence of pH on the system. Thus, at salinities of
0.2 M NaCl and higher, EDL expansion is less pronounced, even at
high pH.

Furthermore, DLVO modeling revealed that the Debye length,
which varies with ionic strength, contributes to the expansion of
repulsive forces. As the EDL strengthens, the Debye length in-
creases, further influencing the system's electrostatic interactions.
Debye length values for both brines are shown in Table 6. Moreover,
Table 6 shows the maximum values of total interaction energy for
each pH of 0.2 and 0.25 M NaCl injected brines to see its depen-
dence on pH. The value is applicable during active surface in-
teractions while migration takes place or is expected to take place.
The “Total Interaction Energy barrier” entry blanks are empty for
pH values 6.5 and 7.5 for 0.2 M NaCl brine, and from 6.5 to 9.5
values for 0.25 M NaCl brines. It is because there is no interaction
barrier to calculate, since particles remain stationary, and the
interaction energy model is not triggered. Consequently, it in-
dicates that there is no fine migration for the system.

You et al. (2019) documented how exceeding critical physico-
chemical thresholds caused clay particle repulsion, which these
experiments confirmed during testing of alkaline conditions with
elevated salinity levels. Analysis by Hernandez (2023) demon-
strates the opposing effects of EDL electrostatic repulsion and van
der Waals attraction, which validate the interpreted particle
response at the critical pH threshold.

4.1.3. Validation of fines migration initiation at low flow rates
To evaluate the effect of salinity on coreflood tests involving pH

variation, two experiments were conducted at a low flow rate using
Upper Berea sandstone samples saturated with formation water at
77,000 ppm. A coreflooding system was employed to monitor
pressure changes within the core during brine injection, as these
changes play a crucial role in fines dislocation and migration. The
tests were performed at a low flow rate to minimize the influence
of hydrodynamic forces, ensuring that fines migration was pri-
marily driven by high pH levels rather than flow-induced shear
forces. During each test, 2 PV of eight different brines with varying
pH levels were injected into the core samples at a flow rate of
0.2 cc/min. Following the initial injection, a 24-h soaking period
was applied to allow repulsive and attractive forces to stabilize. This
stepwas necessary due to the reduction in system salinity by 6.5 wt
%. Once equilibrium was reached, brine with the same salinity
(0.2 M NaCl) was injected sequentially in 2 PV increments to
observe the onset of fines release.

As shown in Figs. 4 and 5, no significant change in pressure drop
was observed during the injection of brines with pH levels of 6.5
and 7.5. A slight pressure drop occurred at pH 8.5, while a sub-
stantial increase in pressure drop was recorded at pH 9 and above.
This suggests that at pH levels below 9, attractive forces dominate
over repulsive forces, preventing fines migration. The second cor-
eflood test followed the same procedure but used a brine salinity of
0.25 M NaCl. In this case, pressure changes were observed at pH 10,
indicating that higher salinity raises the critical pH threshold for
fines release. The increased pressure drop during the injection of
brine at pH 10 suggests that fines were mobilized from the sand-
stone surface due to the interaction between brine chemistry and
rock properties.

These experiments demonstrate that the critical pH value for
fines migration is influenced by salinity, with higher salinity
requiring a higher pH to initiate fines release. In both tests, as pH
increased, clay particles destabilized and migrated, potentially
clogging pore spaces and causing formation damage. After core
flooding, effluent samples were analyzed using UV-VIS

Table 6
The values of Debye length and maximum total energy for injected brines.

pH Salinity (M) Debye length (nm) Total interaction energy The total interaction energy barrier

6.5 0.2 0.685 �14 e

7.5 �13.9 e

8.5 0.13 0.13
9 0.13 0.13
9.5 0.61 0.61
10 2.63 2.63
10.5 4.14 4.14
11 4.34 4.34
6.5 0.25 0.613 �14 e

7.5 �14 e

8.5 �13.9 e

9 �13.9 e

9.5 �13.9 e

10 3.96 3.96
10.5 18 18
11 19.1 19.1

Table 7
Modeled critical pH values at different salinities.

Brine salinity 0.1 0.2 0.25 0.3

Critical pH 7 8 9 11
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spectroscopy to detect the presence of fines. This detection relied
on measuring the increase in particle concentration in the effluent,
which confirmed the pressure drop results and helped identify the
critical pH. Spectroscopy results showed a breakthrough in light
absorbance between pH 8 and 9 for 0.2 M NaCl, with the highest
absorbance value of 0.18 recorded at pH 11 (Fig. 5). For brines with
0.25 M NaCl salinity (Fig. 6), light absorbance increased sharply at
pH 10, reaching a peak of 0.15 at pH 11. Since migrating fines are
suspended in the produced fluid, they contribute to increased light
absorbance in the effluent. The rapid rise in absorbance values may
also indicate mineral dissolution, which can impact rock perme-
ability and porosity.

This integrated approach, combining coreflood tests and
absorbance measurements, provides a more comprehensive un-
derstanding of the interaction between sand, fines, and brine.
Overall, the core flooding tests provided experimental confirmation
of critical pH values, with high-pressure dropsmeasured at pH 9 for

0.2 M NaCl and pH 10 for 0.25 M NaCl (Table 8). It can be concluded
that our developed model can accurately predict the critical pH.

The error estimation in this study provides a confidence level of
95%, indicating that the predicted critical pH value is accurate
within this margin. The precision of the measured inputs is suffi-
cient to achieve this level of accuracy, assuming spherical particle
shapes and constant ionic strength. Fig. 7 illustrates that the critical
pH of the injected brine increases with rising salt concentration.
This occurs because alkaline fluids and brines with critical or higher
salinity concentrations neutralize the negative charge of the rock,
thereby reducing electrostatic repulsion.

EDL is a charged layer surrounding particles in a system,
creating an ionic cloud. Its thickness depends on several factors,
including surface charge, solution pH, and ionic strength. High-
salinity brines contain a greater concentration of ions, which can
compress the EDL by neutralizing particle surface charges and
reducing repulsion forces. Additionally, elevated salt
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concentrations can mitigate the effects of pH changes, as ions from
the brine help counteract increased hydroxide ions and stabilize
the surface charge. As a result, fine particles in the reservoir rock
remain stable.

4.2. Modeling of fines migration at the high injection rate

4.2.1. Prediction of critical flow rate by improved DLVO modeling
As theflow rate increases, the significance of hydrodynamic forces

becomes more pronounced. As shown in Fig. 8, at a specific point,
approximately0.00001moffineparticle radius,hydrodynamic forces
exceed electrostatic and gravity forces. At this point, fines begin to
migrate. The critical velocity is 0.0002 m/s. Additionally, the critical
velocity decreases as the particle radius increases. This suggests that
the effect of hydrodynamic forces on fine migration is influenced by
particle size. For example, for a core sample and 0.25MNaCl brine at

pH8with aparticle radiusof400nm, the critical velocitywas foundto
be 0.038m/s, significantly higher than 0.0002m/s. This indicates that
the brine can flow through the rock more easily when pores are not
obstructed by fine particles. However, as it is shown in Fig. 8, the
detected correlation between critical velocity and particle size
showed non-linear patterns. Themobilization of particles larger than
0.00001 m required advanced flow rates, because various forces
interacted with hydrodynamic drag alongside particle-surface adhe-
sion and pore geometry.

4.2.2. Confirmation of the model by the experiment
The coreflood test was conducted on the upper Berea sandstone

core sample to assess the effect of hydrodynamic forces and
determine the critical velocity for the given brine. During the test,
three PVs of 0.25 M NaCl brine with pH 8 were injected at a rate of
0.2 cc/min. Simultaneously, pressure drop (dP) was monitored
through the core for each injected PV, as shown in Fig. 8. Since the
system's salinity decreased to 0.25 M, a 24-h soaking period was
provided to allow sufficient contact between fine particles, the rock
surface, and the injection brine. This soaking time also ensured
stability in the interaction forces.
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Fig. 6. Pressure drop and light absorbance changes at different pH levels at 0.25 M NaCl salinity.

Table 8
Experimental validation of critical pH predicted by DLVO theory.

Brine salinity Modeled critical pH Measured critical pH

0.2 M NaCl 8 9
0.25 M NaCl 10 10
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After this soaking period, the same brine was injected at an
increased flow rate of 1 cc/min to examine the potential for fines
migration caused by hydrodynamic forces. However, no fines
detachment was observed at flow rates of 0.2 and 1 cc/min. When
the flow rate was increased to 2 cc/min, a change in pressure drop
was observed. Overall, the test showed a gradual change in flow
rate and pressure drop, with 2 cc/min identified as the critical flow
rate at which hydrodynamic forces were sufficient to initiate fines
migration in the porous media system.

Absorbance measurements were taken for each PV to support
the coreflood test results and confirm the presence of fines. At low
flow rates (0.2 and 1 cc/min), the average absorbance of the effluent
was low, nearly identical to that of the injection fluid. A change in
absorbance was observed at the critical flow rate, with the absor-
bance values for each PV presented in Fig. 9.

4.2.3. Critical pH at a high rate
Although the critical flow rate is influenced by hydrodynamic

forces, it is important to note that critical velocity is also affected by
electrostatic interactions and gravity forces. Velocity is influenced by
both attraction and repulsion forces, as well as the expansion of EDL.
Consequently, it can be suggested that as pH increases or salinity
decreases in the brine, the critical velocity may decrease. These
electrostatic forces play a role indetermining the critical pHat a given
flow rate.

For the chosen pH value of 8 for 0.25 M NaCl brine, the critical
flow rate was determined for both high and low rates. At low flow
rates, the effect of attraction forces is more significant compared to
repulsion forces. However, as the flow rate increases, the pH of 8
becomes critical for initiating fines migration. This is because hy-
drodynamic forces begin to dominate over both attraction and
repulsion forces. As shown in Table 9, the velocity at which fines are
released for the given pH was observed experimentally and by
modeling, with results closely matching each other. Despite the

dominance of hydrodynamic forces at higher flow rates, both
interaction forces must be considered to estimate the velocity at
which brine with a given pH is injected.

Another factor to consider when estimating parameters affecting
fines release during brine injection at a specific flow rate is gravity
force. Gravity force is influenced by the radius of the fine particles, as
larger particles require more force to move. When considering brine
injection parameters, the effect of gravity forces on fine particle
initiation becomes more pronounced as flow rate or pH increases,
while electrostatic attraction forces become less significant.

Error estimation in DLVO modeling for predicting the critical
flow rate at which fines initially migrate involves examining un-
certainties in input parameters such as zeta potential, particle size,
and ionic strength, all of which affect DLVO interaction energies.
The critical flow rate predicted at pH 8 and 0.25 M NaCl was eval-
uated against a calculated error of 13%. Variations in measured zeta
potential under alkaline conditions and the sensitivity of double-
layer repulsion energy to ionic strength contribute to this error.
While a 13% error suggests moderate confidence in the model's
ability to predict the critical flow rate, precise experimental mea-
surements and a thorough understanding of surface charge forces
in saline environments will be essential for improving accuracy.

The critical pH values for injected brines into sandstone cores
confirm the high salinity conditions requiring higher alkalinity to
stabilize particles and prevent the movement of small particles. The
data coincidewithDLVO-basedpredictions fromMuneeret al. (2020),
which defined salt concentrations as detachment thresholds for
particles.

5. Conclusion

These studies aimed to predict critical pH and critical flow rate
values using DLVO modeling. The DLVO model was applied to
assess the interaction forces between sandstone rock surfaces and
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Table 9
Critical flow at pH 8, 0.25 M NaCl.

Salinity (M) pH Modeled critical velocity (m/sec) Measured critical flow rate (m/sec)

0.25 8 2.2 � 10�4 1.9 � 10�4
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fine particles within a given colloidal system. To validate the model,
both modeling and experimental work were conducted at room
temperature, considering a single-phase fluid flow.

The model successfully predicted the critical pH of the system,
with experimental tests confirming its accuracy. Two types of brine
salinity were used in the prediction, and for 0.2 M NaCl, fines
migration begins at a pH of 8, whereas for 0.25 M NaCl, the critical
pH rises to 10.

The next step involved integrating the DLVO model of electro-
static forces with hydrodynamic forces to predict the critical flow
rate. The model accurately identified the flow rate threshold for
fines migration initiation, with an error margin of 13%. It success-
fully captured the dynamics of fines detachment, demonstrating its
robustness under varying fluid flow conditions. These findings
underscore the validity of the DLVO theory as a reliable foundation
for predicting reservoir operations and mitigating formation
damage due to fines migration. The model was further validated by
coreflood experiments conducted at various flow rates under
single-phase flow conditions. Overall, the model provides a valu-
able tool for predicting fine particle release and movement during
water injection into sandstone reservoirs with small clay particles
on their surfaces.

While DLVO modeling proved successful in terms of predictive
accuracy and alignment with experimental results, the approach
still faces limitations, which have not been fully addressed in this
study. Moving beyond these limitations is crucial to advancing the
field, and future research will be key to overcoming these chal-
lenges. Several points should be discussed in the plan. (1) There is a
need to control the temperature during the work since both zeta
potential and pH is highly dependent on temperature. It may help
measure parameters and forces between rocks and fines more
accurately. In this work, the measured temperature was room
temperature; however, to understand formation conditions, there
might be a possibility to consider a reservoir temperature. (2) To
predict critical pH, there were used only NaCl brine, which is a
monovalent brine. Since DLVO modeling also depends on param-
eters such as ionic strength, there is a need to check its applicability
by considering divalent brines as well as monovalent types of brine.
(3) Most of the enhanced oil recovery methods are based on
combining several methods into one. Therefore, there is a sugges-
tion to integrate alkaline flooding with other methods such as
Nanotechnology and check the critical parameters in these condi-
tions. It can be effective since nanoparticles may positively affect
the staying of fines on rock.

From the integration of the DLVO model's capability of pre-
dicting with the reservoir simulators, engineers and researchers
can gain substantial information about the fluid�particle in-
teractions in the system. With the integration of DLVO modeling
with reservoir simulators, DLVO has additional uses besides oil
recovery. This approach is crucial for modeling and controlling
water movement in subsurface Sandstone aquifer systems. Sand-
stone formations are major aquifers, and quantitative estimates of
water flow and transportation in these reservoirs are vital for
successful water supply management.
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