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Abstract

As carbon dioxide emissions rise worldwide, the world is still experiencing many consequences of these emissions.
This challenge can be addressed using carbon capture, utilization, and storage (CCUS). Energy transfer generally re-
quires a good program in which CCUS plays a crucial role. CO_-EOR, which allows for storing carbon dioxide (CO,),
is a suitable option in this area. It provides economic returns from oil that could not be recovered before without this
method and has environmental benefits, which shows its importance compared to other EOR methods. In this study,
an oil reservoir is simulated using field data to compare this method with the water injection method and natural
depletion method of the reservoir. Water and CO, injection increased oil recovery by 8.4% and 12.7%, compared to
natural depletion. The surrogate reservoir model was built using the machine learning (ML) technique by choosing
the scenario of CO, injection to reduce the computational load and the possibility of using it in optimization tasks.
Therefore, using the data-driven model, we can reproduce the data related to the CO,-EOR process in a much shorter
period of time, thereby allowing us to select the most efficient parameters and their ranges for different processes. The
numerical simulator was run 250 times to extract the necessary data. The ANN is applied to the data and trained after
the database is built and the hyper-parameters have been optimized. ANN consists of two hidden layers with 81 and
51 neurons, respectively, and a 0.05 learning rate after optimization. The trained two-objective ANN was a MAPE of
less than 2.5% in the test data for both objectives, i.c., oil recovery and carbon dioxide storage. To further validate and
ensure the accuracy of the trained ANN, the numerical simulator was run randomly ten times and compared with the
values predicted by the ANN. MAPE for both objectives was less than 2.6%. Therefore, the ANN that makes predic-
tions in a fraction of a second has a suitable accuracy that can be used as a surrogate reservoir model.

Keywords: Enhanced Oil Recovery, CO,-EOR; Simulation, Oil Reservoirs, Artificial Neural Networks (ANNs),
Water Injection.

Introduction

The global economy and central elements of modern
society already depend on fossil fuels for their energy,
and any sudden change in the composition of these fuels
could have serious consequences. The issue of climate
change, however, has become one of the most pressing
challenges in the world, and various studies are being
conducted across many fields concerning it. Climate
change is not only a problem of the future but a problem
of the present. The issue of global warming is critical
because increased CO, and other greenhouse gases have
caused rising sea levels and climate change [ 1-4].In 2019,
greenhouse gas emissions were 59 GtCO,eq, an increase
in twelve percent over 2010 and fifty-four percent over
1990 [5]. CO, gas is the most significant greenhouse

gas. According to a new International Energy Agency
(IEA) analysis, energy-related carbon dioxide emissions
increased by 6%, reaching 36.3 billion tons in 2021. It
is the highest level ever because the global economy
has recovered strongly since the Covid-19 crisis and has
relied heavily on coal to fuel this growth [6]. One option
to address this challenge is CCUS, which enhances oil
recovery by injecting carbon dioxide gas (also known as
CO,-EOR), one of the best options for storing CO, [7].
Energy transfer generally requires a good program in
which CCUS plays a crucial role. CCUS is the only
technology of sufficient scale to reduce greenhouse gas
emissions from coal- and gas-fired power generation and
the only technology through which industries like steel,
cement, and petrochemicals can become carbon-free [8].
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Therefore, storing CO, gas in underground formations plays
a significant role. Many techniques are used for enhanced oil
recovery (EOR), including gas injection, chemical injection,
microbial injection, or thermal recovery [9,10]. As a result
of the frontal-advance theory, researchers explained how
chemicals move during oil displacement during chemical
injection EOR. Based on the results, continuous injection of
chemicals (for example, polymers, surfactants, or miscible
solvents) is not an economically feasible option due to its
high cost [10]. The use of captured CO, for EOR dates back
to the origins of the EOR industry in the early 1970s with
captured CO, from natural gas production [11]. EOR can
store large amounts of CO, geologically; however, many
have evaluated its ability to reduce greenhouse gas emissions
[11-13].

From successful CO,-EOR and geological storage projects
worldwide, it has been confirmed that CO,-EOR is suitable
for a wide range of reservoirs. Apart from providing an
economic return on oil that previously couldn’t be produced,
it can also be used to store the gas that causes climate
change. As a result of CO,-EOR, some CO, remains in the
reservoir, which is classified as CO2 storage. Combined
with CO, gas, oil in a CO,-EOR project has high mobility,
which means CO, injection into oil reservoirs has the
potential to increase oil production significantly [14]. The
CO,-EOR process is considered the largest EOR process in
the world after the thermal EOR process used in heavy oil
fields [15]. Gas injection into oil reservoirs can be done in
two ways: miscible and non-miscible injection, which can be
distinguished by the minimum miscibility pressure (MMP)
[16]. When CO, is injected into oil, it can swell the oil,
reduce its viscosity, reduce interfacial tension, and usually
have a higher recovery [17,18]. Even though CO, injection
is primarily used in EOR, it also has the advantage of storing
CO,, which reduces global warming. Therefore, in addition
to the injection of CO, during CO,-EOR, much attention is
given to investigating the long-term use of CO,-EOR as a
storage application for anthropogenic CO,. One of the major
projects launched is the Weyburn CO,-EOR project using
anthropogenic CO, in Canada, successfully using the CO,-
EOR technique to store large amounts of anthropogenic CO,
safely. The project began CO, injection in October 2000 and
it has been continued to produce oil from the Weyburn and
Midale fields at a rate of 14,000 barrels of oil per day [19,
20].

One of the main advantages of CO, in comparison with other
types of gases that are used to increase oil recoveries, such as
methane and nitrogen, is the significantly low MMP.
Consequently, CO, can be used to improve miscible oil recovery
in various oil reservoirs [21]. According to the studies, it was
found that the highest oil recovery in the miscible gas injection
is achieved by optimizing the gas composition with the lowest
MMP and the lowest density [22].

The researchers explained the CO, mixing process using the
transition zone between the injection and production wells.
Their theory states that mass transfer between oil and CO,
creates a completely miscible zone without any interfaces,
followed by a transition zone, which is miscible with oil
at the front and CO, at the back [23]. However, some
problems occur during the process with miscible flooding.
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One of them is the asphaltene deposit, which, even in small
amounts, may block fluid flow and significantly reduce
movement [24]. The effect of CO,-water-rock interaction on
the change of rock permeability and final oil recovery was
evaluated experimentally during the injection of CO, into
carbonate rock. The results showed that the damage severity
is directly related to the injection rate. Still, the change in
the displacement type from miscible to immiscible reduces
the intensity of chemical reactions in the porous medium
[25]. Researchers have developed precise relationships for
CO, solubility in oil and the corresponding oil swelling and
viscosity using genetic algorithm techniques. Their results
have been validated using published experimental data
[26,27]. Understanding the underlying processes behind
CO,-EOR is crucial for successful field applications. In
addition to maintaining or increasing reservoir pressure,
which provides an artificial drive for oil production, CO,
injection is the reason for other effects that increase oil
recovery. Oil viscosity reduction, oil swelling, oil and water
density reduction, and oil vaporization and extraction are the
four main CO,-EOR processes [ 15, 28]. CO, is highly soluble
in oil hydrocarbons, so it causes the oil to swell and reduce
its density and viscosity. Furthermore, since there is some
water in the oil reservoir, the injection of CO, also reduces its
density, making water and oil density similar and, therefore,
reducing the gravity segregation effect [29]. There has been
extensive development of machine learning models to proxy
numerical models with high accuracy by using regression
[30, 31], artificial neural networks (ANNSs) [32, 33], and
support vector machines [34].

To predict asphaltene precipitation in reservoirs under certain
conditions, an ANN has been generated with a coefficient of
determination (R2) larger than 0.996 [35]. Also, an ANN-
based proxy model was developed to evaluate the performance
of the CO,-EOR project and CO, storage capacity. The
objectives of this study were oil recovery, CO, storage, and
net present value. The ANN model shows high adaptability
to CO,-WAG projects’ complex data structures. Furthermore,
an ANN model was utilized in the proposed workflow to aid
in optimization [36]. To analyze the uncertainty of the CO,
storage project, a surrogate reservoir model was created
using artificial intelligence. A surrogate reservoir model
was utilized to predict the pressure and distribution of CO,
throughout the reservoir with reasonable accuracy in seconds
[37]. Surrogate models run in a fraction of a second, while
numerical models run in minutes to hours, depending on their
size. Therefore, using ML algorithms can reduce simulator
load and computational time.

This article presents a study of the CO,-EOR process and
numerical modeling with field data and different scenarios.
As a result, a commercial simulator is used to model natural
depletion, water injection, and CO,-EOR scenarios to
determine which scenario leads to the highest oil recovery.
Additionally, CO, gas injection could be used to take
advantage of the environmental benefits. In fact, by choosing
the desired scenario, the maximum production of oil in the
existing conditions and the maximum amount of CO, that
can be stored is provided, which can play a significant role in
climate change. By choosing the type of scenario with more
oil recovery and using the data-driven model, the data related
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to the CO,-EOR process is reproduced in a much shorter
period of time, which helps us choose the best parameters
involved in the CO,-EOR process. In this study, two-
objective ANN is used. Several objectives are defined for
training the ANN, including oil recovery and carbon dioxide
storage, which can reduce the computational load on the
numerical simulation model by using the trained ANN to
reproduce these objectives. Therefore, it can be beneficial
during optimal studies and becomes increasingly important.
Eventually, the ANN is evaluated on its ability to predict the
percentage of oil recovery and carbon dioxide gas storage.
Field data were used in this study to assess the surrogate
model’s performance under these conditions. Comparing the
scenarios allows first selecting the desired scenario and then
building a surrogate model for prediction in less time than
the numerical model using the framework presented in this
article. It can be used and generalized, and other models with
more complex scenarios can be implemented.

Materials and Methods

In the first step, the reservoir containing oil for EOR is
simulated based on field data used in this study. By setting the
same constraints for all the scenarios considered, the numerical
simulator is run for 15 years. This study investigated three
scenarios of natural depletion, water injection, and carbon
dioxide gas injection. The scenario more suitable for oil recovery
(CO, injection also brings environmental benefits) is selected.
A surrogate reservoir model is built using ML techniques by
selecting the desired scenario. First, data extraction and database
creation are required to construct an accurate surrogate reservoir
model. For this purpose, 250 simulations are run, and data
are extracted. ANNs inputs include CO, gas injection rate, oil
production rate, production bottom-hole pressure limitation, and
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injection bottom-hole pressure limitation, and ANNs outputs
include oil recovery and CO, storage. The hyperparameters of
the two-objective ANN are optimized using the tuner package
in the Python environment, and finally, the ANN is applied to
the database. After training the ANN, we evaluated it using test
data. To ensure its performance, the numerical simulator ran
randomly ten times and re-evaluated the trained ANN using that
data. Then, the error values provide the possibility to ensure the
correctness of the prediction capability of the ANN. Figure |
briefly depicts the workflow chart of the research work.

Reservoir Model

Using a commercial simulator, we can determine how much
oil will be produced and how much CO, will be stored. To
build a reservoir model in a commercial simulator, field data
(fluid properties and rock properties) were used in studies
to simulate the CO,-EOR process [38-40]. The oil reservoir
simulation model has dimensions of 81*58*20 with a total
number 0f93960 cells. The overall dimensions of the reservoir
are also 8*5.7*%0.16 km. The existing reservoir is located at
a depth of 2800 to 3300 meters with an average pressure of
324 bar, and the reservoir temperature is equal to 140 degrees
Celsius. The reservoir model has heterogeneous porosity and
permeability. Figure 2 shows the porosity distribution, and
Figure 3 shows the reservoir permeability distribution and
the location of the wells. The petrophysical properties of the
reservoir model are given in Table 1. In addition, the MMP
which was performed in the compositional simulator is equal
to 145 bar, and the volume of oil in place of the reservoir
is 138.4 million Sm?. Table 2 shows the properties related to
components in compositional simulation. The values attributed
to the C,, fraction represent the average weight for components
larger than C..

Reservoir

Natural

imulation by field
data

1

Scenario

| Water injection

investigation

extraction

ANN and

ANN training with
250 simulator runs:
Database, Data

Trained ANN to
predict

ANN
evaluation:
Test and blind
validation.
Is it good?

hyperparameters.
optimization: tuner

Build the ANN
model to predict
objectives

Fig. 1 The main workflow of this study.
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Fig. 2 Porosity distribution.
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Fig. 3 Well placement and Permeability distribution.

Table 1 Summary of petrophysical properties of the reservoir model

Petrophysical Properties

Parameter Value (Unit)
Average porosity 13.6 (fraction)
Average permeability 132.5 (md)
Rock Compressibility 5.4E-5 (1/bar)
NTG 0.76

Table 2 Molar percentages and critical properties of the components.

In this model, four oil production wells (PROD1 to PROD4) and
three CO, gas injection wells (INJ1 to INJ3) are considered, and
their locations are also shown in Figure 4. Well locations will
remain unchanged in all reservoir model scenarios. The minimum
oil production rate and maximum water cut in the production
wells are 100 Sm’/day and 35%, respectively. Also, the other
considered limitations are shown in Table 3, which will be true for
all the examined scenarios. This study examines how the reservoir
performs in three scenarios: natural depletion, water injection,
and production with continuous carbon dioxide gas injection.
In all scenarios, the maximum oil production rate from four oil
production wells equals 9000 Sm’/day.

Component Molar % Mol. weight Critical pressure(bar) Critical temperature (°C)
CO, 9.9 44 119.1 -22.2
C, 26.6 16 74.2 -116.2
C, 6.5 30 78.4 -24
C, 52 44 68.8 313
Cs 6.7 70.2 56.8 107.4
C. 54.1 218 27.5 340.2

Table 3 Operating constraints oil reservoir simulation.

Operating Constraints

Parameters Values (Unit)
Max Injector BHP 450 (bar)

Min Producer BHP 82.7 (bar)
Producer Oil Target Rate (minimum) 100 (Sm’/day)
Max Water cut 35 (%)

End of Simulation 15" (years)

Results and Discussion

Natural Depletion

At first, the natural depletion scenario of the reservoir was
investigated in the reservoir model for 15 years. As a result, the

bottom-hole pressure of the production wells is set lower than
the average reservoir pressure, which leads to oil production
naturally until reaching the existing limits. The performance
results of this scenario are shown in Figure 4. The daily oil
production rate of the reservoir, in natural depletion, was
initially 9000 Sm3/day, but it reached 2227 Sm3/day after 15
years of simulation, which goes beyond the economic limits.
At the end of the simulation period, the pressure level reached
152.4 bar, and the pressure drop in the reservoir was 171.6 bar
in these 15 years. This pressure drop in the reservoir can lead
to the waste of a large amount of oil inside the reservoir. In this
scenario, the cumulative oil production was 27.7 million Sm’,
and the oil recovery factor was calculated as 17.8%. Figure 4
also shows the status of oil and gas production rates.
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Fig. 4 Reservoir performance and the amount of oil and gas production in natural depletion scenario.
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As mentioned, the initial reservoir pressure is 324 bar, so
oil production is able to reach the desired oil rate, and it is
maintained for less than 1 year. Gas production also decreases
a bit due to reaching the limits of the well bottom pressure
of a production well. Then, with more oil production, gas
production increases and peaks in the first 7 years. As
more oil and gas are produced, reservoir pressure begins to
decrease. Production will drop drastically when the reservoir
pressure gets closer to the minimum bottom-hole pressure.
Subsequently, oil and gas production will decrease and even

Table 4 The performance results of the water injection scenario.
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stop because the reservoir will not have enough pressure
support to produce more oil under natural depletion.

Water Injection

In this case, all the conditions of the previous scenario are
established. Furthermore, water injection takes place in three
injection wells, with injection rates of 2000, 3000, and 3500
Sm’/day during 15 years of simulation, so its results can
be evaluated. Table 4 shows the performance results of the
reservoir in this scenario.

Index | Field injection rate (ksm¥/day) | Cumulative oil production (million Sm®) | Oil recovery (%) Field pressure at the end of injection (bar)
1 2 36.8 24.7 228

2 3 38 26.2 2559

3 3.5 38 26.24 255.7

As a result of injecting water in this scenario, the pressure
drop is compensated and works better than in the natural
depletion scenario. However, increasing the injection rate by
more than 3 million sm3/day and due to the injection well
pressure limitation, injections are not possible over this rate.
Therefore, oil recovery will not increase significantly by
increasing the injection rate. Thus, the amount of oil recovery
is 26.2% in this scenario.

Table 5 The performance results of the CO, injection scenario.

Continuous CO, Injection

Due to the problem of high-pressure drop in the field and
low recovery, CO, is injected into the reservoir to take
advantage of its environmental benefits in addition to
maintaining the pressure of the reservoir and producing
more oil. To investigate the effect of injection rates on the
reservoir behavior in the continuous injection scenario, CO,
gas is injected into the reservoir at different rates. According
to Table 5, the reservoir performance with different injection
rates was investigated and reported in this scenario.

U . Cumulative oil production (million . CO, storage (million | Field pressure at the
Index | Field injection rate (million Sm*/day) Oil recovery (%) .
Sm’?) KG-M) end of injection (bar)
1 1.7 37.1 254 340.8 239.7
2 2.5 39.8 28.2 512.7 282.7
3 3.4 42.1 30.4 680.1 323
4 43 42.6 30.5 775 349

According to the table above, the best scenario is related
to the injection of CO, at a rate of 4.3 million Sm’/day.
Figure 5 shows the results of the reservoir performance in
this scenario. Based on the simulation results related to the
scenario with an injection rate of 4.3 million Sm3/day, the
cumulative oil production at the end of the simulation period
was 42.6 million Sm* with a recovery factor equal to 30.5%.
Also, the amount of CO, storage in this scenario equals 775
million KG-M. By injecting CO, gas in this scenario, the
pressure drop is compensated and works much better than
natural depletion. However, by increasing the injection rate to
more than 4.3 million Sm?/day and considering the injection
well pressure limitation, the amount of injection will not
be able to be increased. Thus, oil recovery by increasing
the injection rate more than this amount will not increase
significantly. Most CO_-EOR projects, at different project
stages, are conducted in the USA and China, followed by
Canada, Brazil, Saudi Arabia, and the United Arab Emirates
[41]. As a result of CO, injection in the Ivanic field between
2014 and 2019, recovery has increased by 35% [42], and in
some other projects by 22% and more [43]. Continuous CO,
injection can substantially increase oil production and CO,
storage [44].

Machine Learning Implementation

Asshownin Figure 6, CO, injection has a higher percentage of oil
recovery than natural depletion and water injection. Therefore,
considering the environmental benefits of CO, injection and the
higher oil recovery amount in this scenario, the CO, injection
method is used in the ML model, which in addition to higher oil
recovery, provides us with the possibility of CO, storage. In fact,
by using the existing data, the model can be built with higher
accuracy and speed. After the numerical simulation, the data
needed to build the database is extracted from the numerical
simulator. The percentage of oil recovery and the amount of CO,
storage are the two objectives of this section, and ML model and
ANN algorithm are used to predict these values. According to
the values and their ranges in Table 6, the numerical simulator
is produced and injected in 8 years to extract the necessary
data for ANN training. The numerical simulator is run 250
times to extract the required data. According to the objectives,
the database will be built based on the extracted data. 85% of
the data is used for training, and 15% is used to evaluate the
performance of the ANN. Data extraction parameters and their
non-linear relationship are demonstrated in a heat map (as seen
in Figure 7). A heat map displays the independence of the input
parameters, which it ensures that parameters with the same
information will not interfere.
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Table 6 ANN input parameters and their operational ranges to build the model.
Parameters Unit Range
Gas injection rate million Sm?/day [1-5]
Oil production rate Sm3/day [9000-12000]
Production BHP limitation Barsa [55-110]
Injection BHP limitation Barsa [350-550]
1.0
FGIR
0.8
FOPR -0.028
0.6
BHP-PL 0.021 -0.32 | 0.015 e
BHP-IL 0.021 0.2
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Fig. 7 Input parameter heat map diagram (BHP-IL: bottom-hole pressure of injection well limitation, BHP-PL: bottom-hole pressure of
production well limitation, FGIR: field gas injection rate, FOPR: field oil production rate).
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In Figure 8, in addition to the ANN architecture, the inputs of
the ANN include the CO, injection rate, oil production rate,
production bottom-hole pressure limitation, and injection
bottom-hole pressure limitation, as well as its output,
including the percentage of oil recovery and the amount of
carbon dioxide gas storage.

ANN architecture describes the pattern of connections
between neurons. This study has three parts in the ANN:

Input layer

Hidden layers
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an input layer, an output layer, and hidden layers. The
consideration interval in the tuner package in the Python
environment to optimize the hyper-parameters in this study
is shown in Table 7. After evaluating the hyper-parameters,
two hidden layers are selected, and the number of neurons in
the first and second hidden layers is 81 and 51, respectively.
Also, the learning rate was determined to be 0.05.

Output layer

=) m— =)

Gas injection
rates

Oil production
rates

Production
bottomhole pressure
limitation

Injection bottomhole
pressure limitation

Oil recovery

COn storage

Fig. 8 Architecture of the proposed ANN model and ANN inputs and outputs.

Table 7 Hyperparameters space used for ANN training.

Hyperparameters Range
Number of hidden layers [1-3]
Numbers of neurons [1-100]
Learning rate [0.01-0.08]

As anext step, the ANN is trained using the data extracted from
the database, which is used to ensure the proper training of the
ANN from the mean square error (MSE) of the data during
training. The ANN is trained, and the MSE of the data during
training is shown in Figure 9. It can be seen that the MSE
decreased with the increase in the number of epochs and became
close to zero, which it indicates the proper training of the ANN.

Model loss

50000
—— Train

~——— Validation

40000
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20000

Mean Squared Error (MSE)

10000

L™

[ 100 200 300 400 500
epoch

Fig. 9 Mean square error during training and validation of the ANN.

By training the ANN, the trained model is applied to the
test data to validate the ANN. According to the test data, in
Figure 10 (blue dots) and Figure 11 (blue dots) the values
predicted by the ANN for the existing purposes, i.e., carbon
dioxide storage and oil recovery, are shown respectively. The
predicted values are close to their actual values, confirmed
by the R2 values . To verify the trained model's accuracy, the
values of root mean square error (RMSE) and mean absolute
percentage error (MAPE) in the test data set are also checked,
as shown in Table 8.

Test vs Blind data [CO2 STORAGE]

@®testdata @ Blind Validation
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100 150 200 250 300 350 400 450 500 550 600
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Fig. 10 Predicted Values by ANN versus actual values of CO, stor-
age (million KG-M). blue dots: test data and red dots: blind data.
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Fig. 11 Predicted Values by ANN versus actual values of oil recovery
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Table 8 Evaluation of RMSE, MAPE and R? in the two-objective
ANN testing data.

Evaluation | Oil Recovery (%) | CO, Storage (Million KG-M)
MAPE 2.37 2.43
RMSE 0.55 6.85
R? 0.88 0.99
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To ensure the predictive capability of the trained ANN, 10
times simulations were run with random values. Then the
values predicted by the trained ANN were compared with
the actual values obtained from the numerical simulator,
and the performance results of the trained ANN on these
blind data (The data on which the trained ANN has not been
previously observed or applied.) are shown in Figure 10 (red
dots) and Figure 11 (red dots). The trained ANN in the test
data is able to predict the target values with less than 2.5%
error and in the blind data with less than 2.6% error, which
a summary of the evaluation criteria of trained two-objective
ANN is shown in Figure 12. In this way, ANN can predict
target values in a shorter period and with sufficient accuracy
in the CO,-EOR scenario and reduces the computation load
involved in predicting target values. Field data were used
to investigate the possibility of building an ANN model in
an oil reservoir, and the objectives of the study, namely, oil
recovery and carbon dioxide storage, are important in the oil
industry, and they can be used for optimization studies. In
addition to reproducing the desired data in a fraction of a
second, the trained ANN model can also be integrated and
coupled for other purposes, such as optimization. Therefore,
with the high-speed capability of ML technique, oil recovery,
and carbon dioxide storage can be calculated with reasonable
accuracy and high speed.
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Fig. 12 Evaluation of trained ANN on two existing targets. F1: percentage of oil recovery and F2: CO, storage.

Conclusions

In this study, different scenarios for oil production were
compared and then a scenario was selected that allowed us to
take advantage of the environmental effects while producing
more oil. The following results were obtained from this study.
- The oil reservoir simulation was done with field data to
investigate various scenarios and extract data for ANN
training. Three scenarios of natural depletion, water injection,
and continuous CO, injection were investigated, and oil
recovery was 8.4% higher in water injection and 12.7%
higher in CO, injection than in natural depletion. As well as
providing better oil recovery, CO, injection can also benefit
the environment by storing CO, gas, making the use of this
method even more appealing.

- The surrogate reservoir model was built using ML

technique by choosing the scenario of CO2 injection to
reduce the computational load and the possibility of using it
in optimization tasks.

- To train ANN, the numerical simulator was run 250 times to
extract the necessary data. As a result, the trained two-objec-
tive ANN was a MAPE of less than 2.5% in the test data for
both objectives, i.e., oil recovery and carbon dioxide storage.
- To further validate and ensure the accuracy of the perfor-
mance of the two-objective ANN, the numerical simulator
was run randomly 10 times and compared with the values
predicted by the ANN. According to the results, MAPE for
both existing objectives was less than 2.6%. Therefore, the
ANN that makes predictions in a fraction of a second has a
suitable accuracy that can be used as a surrogate reservoir
model.
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