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Abstract

Gas condensate banking can significantly reduce near-well gas productivity by as much as
~60% in tight gas reservoirs. Existing treatment techniques are resource demanding and
could alter the reservoir structure permanently. This study investigates the effectiveness
of enhanced electrokinetic oil recovery (EK-EOR) as a low-impact alternative for treating
condensate banks. Using compositional reservoir simulation (CMG GEM)), the influence of
key reservoir and operational parameters—porosity, permeability, producer well location
(i, j), injection rate, and injection pressure—on cumulative gas production (CGP) was ex-
amined. A Box-Behnken design of experiments was employed to generate 62 simulation
runs, and a proxy model was developed to approximate full-field responses. Statistical
validation showed strong model fidelity (R? = 0.99, AAPE = 2.2%). The proxy was then
optimized using a genetic algorithm (GA) to identify conditions that maximize gas recovery.
Results indicate that lower injection rates and lower injection pressures maximize CGP
through enhanced electro-osmotic flow and reduced water blocking, achieving a peak
cumulative gas of 4.06 x 10% ft>. A secondary optimum at high injection pressure could be
attributed to re-pressurization and partial re-vaporization of condensate near the wellbore.
Reservoir quality also exerted a strong control: higher permeability and moderate poros-
ity favoured gas yield, while optimal producer placement near the reservoir boundary
increased drainage efficiency. This study demonstrates a systematic optimization frame-
work combining design of experiments, proxy modelling, and evolutionary algorithms to
evaluate EK-EOR performance.

Keywords: gas condensate reservoirs; electrokinetic EOR; genetic algorithm; proxy
modelling; EK-EOR; Natural Gas Reservoir

1. Introduction

Below dewpoint pressure, liquid condensate drops out of the gas phase and forms
a bank around the producing well [1,2]. In the literature, several methods have been
studied to improve the productivity of condensate banked reservoirs [3]. The majority of
existing intervention methods involve injecting solvents such as alcohols in gas condensate
reservoirs, or using mechanical solutions (i.e., hydraulic fracturing) to improve the reservoir
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permeability [4-8]. These methods have severe cost and environmental impact implications.
However, amid the growing concerns about the environmental impact of these production
processes, some researchers are exploring novel approaches to treating condensate banked
reservoirs using electrokinetic enhanced oil recovery EK-EOR [9-12].

EK-EOR is deployed by installing electrode assemblies—typically graphite, stainless
steel, or other inert conductive materials—either within existing production and injection
wells or in purpose-drilled electrode wells [13-15]. These electrodes are connected to
a surface DC power supply equipped with voltage and current regulation units to de-
liver controlled electrochemical gradients across the reservoir. Additional surface and
downhole instrumentation, including power distribution panels, high-resolution pres-
sure/temperature gauges, and conductivity or ionic-flux sensors, are used to monitor
system performance and ensure stable electrical coupling with the formation [16]. During
EK-EOR treatment, electric current is introduced into the reservoir pore space and this
initiates mechanisms such as electroosmosis, electromigration, and electrophoresis near
the interface between the rock and hydrocarbon fluid [17,18]. This improves fluid flow
through the porous media, reduces water production, and decreases associated hydrogen
sulphide production, without formation damage [11,19-21]. However, based on a sys-
tematic literature review (SLR) conducted using laboratory studies and field applications,
standalone application of EK-EOR was shown to improve recovery in about 45% of the
reservoirs investigated [22]. In addition, insights from published EK-EOR experiments
indicate that interstitial clay and the amount of electric potential are major contributors to
the electro-osmotic permeability of the reservoir rocks, which governs the effectiveness
of the EK-EOR mechanism [17,23,24]. Although understanding the effect of changes in
salinity, electric current, and clay content is vital for the EK-EOR technique, however, due
to limitations on the computing resources associated with this study, these electrokinetic
parameters (electric current, salinity) were kept constant. The aim of the present study is to
investigate the effect of reservoir, and well properties on the effectiveness of EK-EOR as a
treatment for a condensate banked reservoirs.

The previous work [10] investigated the use of combined low-salinity waterflooding
(LSW) and electrokinetic enhanced oil recovery (EK-EOR) techniques as a treatment method
for condensate-banking in a sandstone reservoir. The study employed numerical simulation
of full-field reservoir model to understand the effect of EK-EOR on condensate recovery.
While implementing the numerical models, the Well locations, the perforation layers, pro-
duction and injection pressures and rates, and reservoir permeability and porosity were
kept constant. In practice, some of these parameters are dynamically adjusted to optimize
production. Building on the previous study [10], this study therefore extends the analysis
by systematically evaluating the influence of reservoir and well parameters on condensate
recovery. The objective is to understand directionally (high-level screening) the reservoir
types best suited for the EK-EOR process. To do this, six factors grouped into three cate-
gories were identified and selected as optimization variables; (i) Well injection/production
control problems (injection rate, injector pressure); (ii) Well-placement optimization prob-
lems (producer location {ij}); (iii) reservoir parameters (porosity and permeability).

There are two main approaches to optimizing the first two categories. In the first
approach, an optimal solution is found by keeping one parameter constant while the other
parameters are optimized. For example, while well placements are being optimized, the
factors under well control are kept constant, and vice versa [25]. However, one reported
drawback of this approach is that optimizing both categories separately may lead to a
suboptimal solution. In the second approach, an optimal solution could be achieved by
optimizing both well placement and well control problems simultaneously. However,
optimizing both categories simultaneously require many full-field reservoir simulation
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runs. Given the constraints on time and computation cost of running these numerical
simulations, it becomes impractical to run all trials using a typical optimization set-up.
To solve the mentioned simulation problem, proxy models are applied to approximate
solutions from a full-field modelling.

2. Proxy Modelling Framing

Proxy modelling also known as surrogate or meta modelling is a useful tool for
reservoir engineers because it provides a computationally low-cost substitute to full nu-
merical simulation [26,27]. Proxy models reproduce approximate solutions to a full-field
reservoir simulation when given a set of input parameters. Typical applications of proxy
modelling include sensitivity and risk analysis [28], probabilistic forecasting [29], history
matching [30], production optimization [31] and field development planning [32]. Proxy
models provide interesting advantages and some of these advantages given in Forrester
et al. [29] include (i) delivering faster results from expensive high-fidelity models from
software, (ii) calibrating predictive models that have limited accuracy, (iii) understanding
what data is noisy or missing, and (iv) providing insights into the relationships between
input parameters and output (response) parameter. However, whatever advantages the
proxy models provide are based on the opportunity cost of accuracy, i.e., the simpler a
proxy model, the less accurate it is. If accuracy is more important, high fidelity numerical
simulations are needed as the initial and main step in the proxy modelling development
process. In this study, design of experiment (DoE) was used to develop the proxy models
for the integrated optimization of the field. A description of the parameters and methods
implemented in the DoE is given in the next subsection.

Design of Experiment (DoE)

Design of experiment refers to the process of scheduling and supervising experiments
(simulation runs) and analyzing the responses obtained by statistical methods so that valid
and objective conclusions can be obtained with minimum resources. The key word is
minimum resource. In this study, a DoE obtained via Box-Behnken styled response surface
methodology was developed to approximate the results obtained from full-field simulation
trials. The resulting proxy model considers the six factors identified in the previous section
as input parameters. The proposed proxy model considers the well location, well control
parameters as well as the effect of reservoir grid data on the cumulative gas produced. In
the Box-Behnken design the levels of each factor are given at the midpoints of the edges
(red dots) and in the centre (blue dot) as shown in Figure 1.
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Figure 1. Box-Behnken design.
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Each of the six factors was investigated at three levels—low, midpoint, and high—
within realistic ranges to avoid impractical combinations, as seen in Table 1. The factors
were coded using dimensionless values of —1, 0, and +1, corresponding respectively to
the low, midpoint, and high cases. These coded variables were used to generate the
response surface model; actual physical quantities were substituted back when running the
simulation and the result of each scenario is captured in Appendix A. To mitigate potential
bias, the sequence of simulation runs was randomized.

Table 1. Input parameter range for the Box-Behnken design.

Parameter Unit Symbol Low Case Mid Case High Case
Porosity % X1 10 20 30
Horizontal permeability md X> 20 100 200
Producer location (i) - X3 1 5 9
Producer location (j) - Xy 2 5 9
Injection rate ft3/day X5 2000 3500 5000
Injection pressure (BHP) psi X6 1000 3500 6000

The response (output) parameter differs for the EK-EOR technique, which is the
cumulative gas produced as shown in Equation (1).

CGP = fl (X1/X2/ X3, X4, X5, X6) (1)
where CGP—cumulative gas produced, X; s—input parameter being investigated.

3. Methods and Materials

In this study, the following tools were used: CMG GEM 2021.10 (for full field reservoir
simulation), Develve 4.17 (for design of experiment) and MATLAB R2024a (for optimizing
model using genetic algorithm). CMG GEM provided the environment used to build the
reservoir model, run the simulations, and compute the cumulative gas produced at each
simulation run. The reservoir properties (size, initial pressure and fluid composition at
the dewpoint, rock fluid properties) and how electrokinetic parameters (voltage, salinity,
electrode potential) including assumptions are discussed in detail in our previous work [10].
The reservoir model used for the analysis is based on Kenyon’s model [33], while the
changes in interfacial tension used in modelling the effect of EKEOR were obtained from [9].

Develve software was used to generate parameter realizations using Box-Behnken
design of experiment. Several combinations of input datasets were generated to conduct
simulation runs with the reservoir simulator. The results obtained from the simulation runs
were then used to develop the proxy models. Analysis of variance (ANOVA) performed on
the model to ascertain the accuracy of the proxy models compared to the numerical simula-
tions. Finally, genetic algorithm (from MATLAB) was used to optimize the proposed proxy
models, aimed at determining the optimum set of parameters that will maximize gas yield
for EK-EOR. The flowchart given in Figure 2 presents the methodology described above.

3.1. Parameter Realizations for EK-EOR Study

Based on the data ranges for each scenario given in Table 1, Box-Behnken design
method was used to generate parameter realizations for the reservoir simulations. It is
important to note that specific EK-EOR parameters (i.e., applied electric potential, electrode
spacing, salinity level, or clay content in the rock) were kept constant, with the respective
values given in [9]. These parameters were fixed because it was difficult to model their
corresponding changes in the IFT and relative permeability curve using the CMG GEM
simulator. A total of 62 simulation runs were conducted for the six variables, to determine
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cumulative gas produced during each run. The maximum duration for each simulation
was 5478 days, and the cumulative gas produced for each run is presented in Appendix A.
Analyzing the cumulative gas produced from each of the 62 scenarios shows that the
highest and lowest cumulative gas produced (CGP) for 5478 days of production include
3.92 x 108 ft3 and 1.81 x 108 ft3 respectively. The time series plot of each CGPs is given in
Figure 3.
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Figure 2. A methodology employed in proxy model optimization.
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Figure 3. Time series for cumulative gas produced.

After fitting the proxy model to the response data, diagnostic checks were performed on
the normal probability plot of the residuals confirmed approximate normality. The simulation
results can be further characterized by fitting the cumulative gas produced into a distribution
type curve. The type of distribution curve that fits the data if consistent with the distribution
of natural phenomena further validates the result obtained from the reservoir simulation. Four
continuous distribution curves were analyzed for fit with data and the normal distribution
had the highest closeness of fit with R? = 0.9315 as shown in Figure 4a. The results show a
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standard deviation range between 5.15 x 107 and 7.36 x 107 with a 95% confidence. Figure 4b
shows the normal fit curve overlain on the entire CGP data.

Normal
r=0.9315

Lognormal
r’ =0.9170

Weibull
r’=0.9130

Exponential
r’=0.7331

Cummulative_Gas

Ii.81x109, ft3

3.92x10°, ft®

@)

(b)

Figure 4. (a) Distribution type curve fit. (b) Histogram plot.

3.2. Development of EK-EOR Proxy Model

The cumulative gas produced in each simulation run and its respective input parame-

ter were fed into the design of experiment software to generate a proxy model, which had

three components-linear, interaction and quadratic components. Results from the analysis

of variance indicate which variables had significant impact on the outcome (cumulative

gas produced), i.e., p-value less than 0.05, as shown in Table 2.

Table 2. Analysis of variance for the Proxy model.

Factors SS::;r:fs DF F-Value p-Value Significant
Xq 8.513 x 1010 1.0 574.53 0.000 *
X, 1.770 x 10 1.0 1.13 0.295
X3 1.601 x 10™3 1.0 0.16 0.696
Xy 2.428 x 1012 1.0 0.03 0.857
Xs 8.335 x 1012 1.0 0.09 0.767
Xe 9.770 x 101° 1.0 66.76 0.000 *

(X1)? 8.394 x 1010 1.0 563.44 0.000 *
(Xp)? 7.902 x 1013 1.0 0.46 0.504
(X3)? 5.028 x 10! 1.0 0.01 0.908
(Xy)? 1.484 x 1011 1.0 0 0.98
(X5)? 2.595 x 1014 1.0 1.6 0.215
(Xe)? 5.435 x 101° 1.0 36.79 0.000 *

Xo X3 1.993 x 1014 1.0 1.61 0.213

X3 Xy 7.966 x 1012 1.0 0.06 0.81

Xs Xy 1.586 x 1014 1.0 1.26 0.269

Xo Xs 1.205 x 104 1.0 1.05 0.314

X2 Xe 5.810 x 1010 1.0 0 0.976

Xs. X¢ 2.938 x 101° 1.0 25.68 0.000 *

X4 Xs 5.145 x 1014 1.0 459 0.039 *

X3, X5 5.018 x 104 1.0 4.46 0.042 *

* parameters with p-value less than 0.05.
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To reduce the model complexity, terms with p-value greater than 0.05 (i.e., statistically
insignificant variables) were removed from the model. However, additional variables were
retained in the proxy model to support hierarchy. The proxy model generated is presented

by Equation (2):
CGP =aX1+bXp+cXz+dXy+eXs+ fXe+ ¢(X3 . X5) + h(Xy . X5) @)
+i(X5 . Xe) + j(X1)? +k(X5)* +1(Xe)> + M

where X;_¢—input parameters (from Table 1), M = —1.304 x 108 , and the lower-case
alphabets are coefficients having the following values:

a 4.352 x 107 e 3.957 x 10* i -7.23

b 4.881 x 10* f —1.772 x 10* j —1.068 x 10°

c 5.742 x 10° g —1.867 x 10° k —2.29

d 6.861 x 10° h —2.140 x 10° ! 4.52

3.3. Validation of EK-EOR Proxy Model

The proxy model was validated using the coefficient of determination, R? (0.965)
obtained from a plot of actual versus predicted cumulative gas produced. Root mean
square error (RMSE) and Average Absolute Percentage Error (AAPE) were calculated using
Equations (3) and (4) and were found to be 8.60 x10° and 2.22% respectively.

®)

. sy v
RMSE — \/E?_l (Predicted CGP; nSlmulated CGP;)

1w

AAPE — 72‘7 Simulated CGP; — Predicted CGP;
n l—l

Simulated CGP;

(4)

A plot of the actual CGP against the predicted CGP is shown in Figure 5a, while
correlation between the actual and predicted CGP against each simulation run is shown in
Figure 5b.
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Figure 5. (a) Cross plot of the proxy model vs. simulated CGP. (b) Simulated and proxy model CGP
plot against simulation runs.
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In addition to the RZ, RMSE and AAPE metrics, a 5-fold cross validation procedure
was conducted to assess the robustness of the proxy model within the limits of the param-
eters being investigated. The 62 simulation runs and model predictions were randomly
partitioned into five subsets, with four folds used for training and one fold for testing in
each iteration, as shown in Table 3.

Table 3. K-Fold validation of proxy model.

Fold 1 2 3 4 5 Avg R?
R? 0.958 0.971 0.963 0.968 0.964 0.965

The 5-fold cross-validation results show consistently high R? values across all folds,
with an average R? of 0.965 and a very small standard deviation (0.005). This shows that
the model explains about 96.5% of the variability in the actual CGP, is stable and performs
consistently well across different data splits. Standard residual plots (given in Appendix B)
indicate the absence of influential outliers.

3.4. Optimization

The proxy model obtained in the previous section, could be described as a non-linear
objective function, subject to lower and upper constraints. To maximize the objective
function (in this case CGP), several optimization techniques could be applied; however,
genetic algorithm was selected because of it uses a stochastic non-derivative approach
to obtain the global maximum [34]. This means that genetic algorithm uses random, but
targeted search to obtain the maximum solution. The genetic algorithm was implemented
in MATLAB using its inbuilt global optimization toolbox. The objective was set to maximize
the response variable of the proxy model. The outline of the genetic algorithm employed in
this study is shown in Figure 6.

The accuracy of the solution obtained is dependent on the population size, number of
generations, crossover rate, and mutation rate between parents and offspring’s solution
space. The value of the parameters are given in Table 4 to ensure repeatability of the
solution, while the results of the optimization are presented in Table 5.

Table 4. Parameters for tuning the genetic algorithm.

Parameter Value
Population size 100
Generations 100 x number of variables
Reproduction 0.05 x population size
Crossover function Constraint dependent
Mutation function Constraint dependent

Table 5. Optimization results.

Technique

Response Optimized Parameters

EK-EOR

Max CGP = 4.06 x 108 ft X1 =20.37, X, =200, X5 =9, X4 =9, X5 = 2000, X¢ = 1000
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Maximize
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Figure 6. Flowgorithm of genetic algorithm used in this study.

4. Results and Discussion
4.1. Effect of Well Injection Parameters on EK-EOR

Well injection parameters have both economic and environmental implications on the
field asset. The injection pressure and rates affect the performance of EK-EOR technique.
The decision on what type or capacity of surface pumps to use depends on whether
the emphasis is on either higher pressure or higher rate. Analyzing the effect of injection
pressure and rate on the cumulative gas produced (CGP) for the EK-EOR study, a non-linear
relationship was observed for both cases as shown in Figure 7b.

From Figure 7a, higher injection rates led to a lower cumulative gas production,
which is evidenced by the negative gradient between CGP and injection rate. Although
counter-intuitive, a possible reason could be that at higher injection rate, low-salinity
brine increases water saturation around the well (or near the condensate zone), reducing
gas relative permeability (i.e., a water blocking effect), whereas a slower injection allows
the electrokinetic effects to mobilize condensate without drowning the near-well region
in water.
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Figure 7. (a) Effect of injection rate on EK-EOR CGP; (b) effect of injection pressure on EK-EOR CGP.

For the effect of pressure on CGP, an interesting relationship was observed. Maximum
CGP was attained both at low pressure and high pressure. A sweet spot then develops
where minimum pressure and minimum rate combine to generate maximum CGP. Visual-
izing the combined effect of both injection rate and pressure, in Figure 8, maximum CGP
were observed at the following two points: (i) high injection pressure + low injection rate,
and (ii) low injection pressure + low injection rate.

8
42 10

x108

4.2
38 |

3.6

3.8

3.6

3.4

3.2

Cumulative gas produced (ft3)

3,
% (43, 5000 0 eSS

Figure 8. Effect of injection parameters on EK-EOR performance.

The dual-peak behaviour observed in Figure 8, where maximum cumulative gas
production (CGP) occurs at both low-pressure + low-rate and high-pressure + low-rate
conditions, could plausibly be explained by two complementary physical mechanisms
acting within the condensate-banked near-well region. One possible interpretation is that
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at low injection pressure (~1000 psi), the applied direct current primarily enhances electro-
osmotic flow and reduces interfacial tension between the condensate and brine phases. This
promotes gentle mobilization of trapped condensate droplets without causing excessive
water invasion. The low injection rate supports favourable gas relative permeability,
allowing electrokinetic effects to dominate and resulting in a highly efficient capillary-
driven cleanup of the condensate bank.

Conversely, at high injection pressure (~6000 psi) and the same low injection rate, the
elevated bottom-hole pressure likely re-pressurizes the near-well region above the dew-
point, leading to partial re-vaporization of condensed liquids and a temporary increase in
gas mobility. Here, condensate recovery is driven more by thermodynamic re-vaporization
than by electrokinetic displacement and requires substantially higher injection pressure
which may risk fracturing or altering permeability in tight formations. These interpretations
are hypothetical and require dedicated experimental and modelling studies to investigate
its validity.

Overall, these results suggest the following two potential operational modes for EK-EOR:
(i) a low-pressure, low-rate mode where electrokinetic mobilization dominates, and (ii) a
high-pressure, low-rate mode where re-vaporization effects complement the electric-field
influence. The genetic algorithm identified the global optimum at the lower-pressure regime,
indicating that the gentle, electrokinetically dominated approach achieves the best balance
between recovery efficiency and operational sustainability within the studied range.

4.2. Effect of Reservoir Parameter—Porosity and Permeability on EK-EOR

Understanding the influence of reservoir porosity and permeability on the perfor-
mance of EK-EOR, is vital for pre-screening candidate reservoirs for EK-EOR deployment.
A positive linear relationship between permeability and CGP is observed in Figure 9a, and
this indicates that higher CGP is obtained from reservoirs with higher permeability.

x108 x108
‘ 400} .“ .
i | e .. o
©
[0
i [ | § 3.00}F ® @ .
e
I | G200t .
o ]
I [ |l E1oof 1
o o
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Permeability, md [@constant porosity of 10%)]

Porosity, % [@constant permeability of 200md]
(a) (b)

Figure 9. (a) Relationship between permeability and EK-EOR Cum Gas produced; (b) relationship
between porosity and EK-EOR Cum Gas produced.

The effect of reservoir permeability and porosity on CGP were obtained keeping all
other parameters constant. From the analysis, a second-order polynomial was observed be-
tween porosity and CGP as seen in Figure 9b. The maximum gas production was observed
on reservoirs with approximately 20% porosity and 200md permeability. Investigating the
coupled impact of permeability and porosity on cumulative gas production, our analysis
reveal that porosity has a stronger influence on the CGP than permeability as shown in
Figure 10. The results demonstrates that EK-EOR is more effective on reservoirs with higher
permeability; porosity range between 18 and 22 increase in CGP with permeability reflects
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the enhanced ease of gas flow and electro-osmotic transport in more conductive formations;
higher permeability reduces capillary resistance, allowing the applied electric field to more
effectively mobilize condensate and brine along existing pore channels.
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Figure 10. Effect of porosity and permeability on EK-EOR performance.

The observations from this analysis are consistent with results from other studies [18],
which indicate that at low porosity, restricted pore volume and limited fluid connectivity
reduce gas mobility and dampen electro-osmotic flow. At very high porosity, the larger
pore spaces weaken the capillary pressure gradients that drive condensate displacement
under an electric field, leading to reduced sweep efficiency. The resulting optimum range
(18-22%) potentially indicates a balance between sufficient pore connectivity and adequate
capillary coupling for electrokinetic enhancement. These findings suggest that moderately
porous, high-permeability formations are most favourable for EK-EOR deployment of
gas-condensate reservoirs.

4.3. Effect of Well Location on EK-EOR Effectiveness

The EK-EOR set-up used for this analysis [10] included both production and injection
well. Keeping the location of the injection well constant, enables the use of genetic algorithm
to estimate CGP at different possible locations of the production well {i} and {j} as shown in
Figure 11. When the producer well is positioned closer to the reservoir boundary, a larger
pressure gradient develops between the injector and producer, enhancing sweep efficiency
and electrokinetic current distribution across the pore network. This extended drainage
path allows the injected low-salinity brine, driven by both hydraulic and electro-osmotic
forces, to contact a greater portion of the condensate-banked zone, thereby improving gas
mobility and condensate removal. In contrast, producer wells located nearer the injector
reduce the effective potential drop and sweep area, leading to early saturation equilibrium
and lower recovery. Hence, the optimal well configuration under EK-EOR conditions cor-
responds to maximizing injector-producer spacing while maintaining adequate electrical
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connectivity, ensuring both efficient field coverage and sustained electrokinetic stimulation
throughout the reservoir.
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Figure 11. Effect of Well location on EK-EOR performance.

5. Conclusions

This study extends the analysis on the previous work [10] by developing a surrogate-
based optimization workflow to evaluate the effectiveness of electrokinetic enhanced
recovery (EK-EOR) for gas condensate banking remediation under various reservoir and
operational conditions. Using a Box-Behnken design and 62 compositional simulations, a
proxy model was built to predict cumulative gas production from six key factors (reservoir
porosity and permeability, production well location, and brine injection rate, pressure, and
placement under an applied electric field). The proxy was validated with high accuracy
(AAPE~2.2%), and genetic algorithm optimization was then applied. The results indicate
that EK-EOR performance is strongly influenced by injection parameters as follows: lower
brine injection rates and lower injection pressures were found to maximize gas recovery,
likely by minimizing water blocking and efficiently mobilizing condensate. Within the
studied range, the optimal scenario occurred at the lowest tested injection rate and pressure.
Reservoir properties also play a critical role—higher permeability formations yield greater
gas output under EK-EOR, and a moderate porosity (~20%) was optimal for recovery (with
both lower and higher porosities giving slightly reduced yields in our model). Additionally,
well placement was shown to be important: the genetic algorithm suggests that situating
the production well toward the reservoir boundary (maximizing the drainage area between
injector and producer) can significantly enhance condensate cleanup and gas production
during EK-EOR. These findings provide quantitative guidance on how to design EK-EOR
operations (in terms of injection scheduling and well configurations) to achieve the greatest
benefit in condensate-rich gas reservoirs.

However, it is important to note the limitations of this study. The simulations as-
sumed a fixed electric field and brine salinity, and a relatively homogeneous reservoir
model—factors such as the magnitude of applied voltage, reservoir heterogeneity, and
clay content (which influences electro-osmotic flow) were not varied and could impact
outcomes. Additionally, the optimized parameters were constrained by the chosen ranges
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and may shift under different reservoir scenarios, indicating that the true global optimum
may lie outside the modelled region. This boundary effect limits the interpretability of the
optimum and emphasizes directional influence and relative importance of each param-
eter. Future research should incorporate the electrokinetic-specific parameters (voltage
gradients, electrode configurations, salinity levels) into the optimization and consider
history-matched field data or lab experiments to validate the proxy model’s predictions.
Despite these limitations, the present study underscores that with an appropriate combina-
tion of reservoir conditions and operating parameters, EK-EOR can substantially mitigate
condensate blockage and improve gas recovery. It lays a foundation for more comprehen-
sive evaluations of electrokinetic methods as a viable, low-footprint enhancement for gas
condensate reservoir production
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AAPE Average Absolute Percentage Error

Appendix A. Parameter Realizations and Result from
Reservoir Simulation

s/n Porosity Permeability Pi Pj Injection Injection Cumulative Gas
(%) (md) - - Rate (ft’/Day)  Pressure (psi) (ft3)
1 10 20 5 5 3500 3500 2.089 x 108
2 30 20 5 5 3500 3500 2.265 x 108
3 10 200 5 5 3500 3500 2.152 x 10®
4 30 200 5 5 3500 3500 2.295 x 108
5 10 100 1 5 3500 3500 2.166 x 108
6 30 100 1 5 3500 3500 2.310 x 108
7 10 100 9 5 3500 3500 2.154 x 108
8 30 100 9 5 3500 3500 2.257 x 108
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s/n Porosity Permeability Pi P j Injection Injection Cumulative Gas
(%) (md) - - Rate (ft’/Day)  Pressure (psi) (ft3)
9 10 100 5 2 3500 3500 2.125 x 108
10 30 100 5 2 3500 3500 2.297 x 108
11 10 100 5 9 3500 3500 2.153 x 108
12 30 100 5 9 3500 3500 2.257 x 108
13 10 100 5 5 2000 3500 2.275 x 108
14 30 100 5 5 2000 3500 2.453 x 108
15 10 100 5 5 5000 3500 1.810 x 108
16 30 100 5 5 5000 3500 2.112 x 108
17 10 100 5 5 3500 1000 2.479 x 108
18 30 100 5 5 3500 1000 2.623 x 108
19 10 100 5 5 3500 6000 2.163 x 108
20 30 100 5 5 3500 6000 2.284 x 108
21 20 20 1 5 3500 3500 3.109 x 108
22 20 200 1 5 3500 3500 3.362 x 108
23 20 20 9 5 3500 3500 3.273 x 108
24 20 200 9 5 3500 3500 3.225 x 108
25 20 20 5 2 3500 3500 3.100 x 108
26 20 200 5 2 3500 3500 3.324 x 108
27 20 20 5 9 3500 3500 3.273 x 108
28 20 200 5 9 3500 3500 3.225 x 108
29 20 20 5 5 2000 3500 3.530 x 108
30 20 200 5 5 2000 3500 3.715 x 108
31 20 20 5 5 5000 3500 2.694 x 108
32 20 200 5 5 5000 3500 2.717 x 108
33 20 20 5 5 3500 1000 3.798 x 108
34 20 200 5 5 3500 1000 3.906 x 108
35 20 20 5 5 3500 6000 3.160 x 108
36 20 200 5 5 3500 6000 3.286 x 108
37 20 100 1 2 3500 3500 3.375 x 108
38 20 100 9 2 3500 3500 3.258 x 108
39 20 100 1 9 3500 3500 3.285 x 108
40 20 100 9 9 3500 3500 3.232 x 108
41 20 100 1 5 2000 3500 3.556 x 10%
42 20 100 9 5 2000 3500 3.585 x 108
43 20 100 1 5 5000 3500 3.027 x 108
44 20 100 9 5 5000 3500 2.608 x 108
45 20 100 1 5 3500 1000 3.831 x 108
46 20 100 9 5 3500 1000 3.874 x 108
47 20 100 1 5 3500 6000 3.289 x 108
48 20 100 9 5 3500 6000 3.211 x 108
49 20 100 5 2 2000 3500 3.540 x 108
50 20 100 5 9 2000 3500 3.585 x 108
51 20 100 5 2 5000 3500 2.990 x 108
52 20 100 5 9 5000 3500 2.608 x 108
53 20 100 5 2 3500 1000 3.868 x 108
54 20 100 5 9 3500 1000 3.874 x 108
55 20 100 5 2 3500 6000 3.289 x 108
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s/n Porosity Permeability Pi P Injection Injection Cumulative Gas
(%) (md) - - Rate (ft’/Day)  Pressure (psi) (ft3)
56 20 100 5 9 3500 6000 3.211 x 108
57 20 100 5 5 2000 1000 3.840 x 108
58 20 100 5 5 5000 1000 3.920 x 108
59 20 100 5 5 2000 6000 3.713 x 108
60 20 100 5 5 5000 6000 2.709 x 108
61 20 100 5 5 3500 3500 3.256 x 108
62 20 110 5 5 3500 3500 3.287 x 108
Appendix B. Model Diagnostics
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(c) Independence check plot

(d) Standardized residuals plot
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