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ABSTRACT

This article aims to provide literature for the development of new technologies in enhanced oil recovery (EOR), with a focus
on reservoir modelling using machine learning (ML). The inaccuracy and inefficiency of traditional physics-based numerical
simulations necessitate the development of faster and more intelligent tools. This review serves as a comprehensive resource
on applied ML approaches for reservoir modelling. This research classifies the previous artificial intelligence (AI) research in
EOR into three methods: water flooding (WF), chemical enhanced oil recovery (CEOR), and thermal flooding. The compre-
hensive classification is based on the algorithm used, dataset, purpose, inputs, results, and evaluation for each method in each
paper. A novel method for simulating dynamic fluid distributions in WF, the Conditional Deep Convolutional Generative
Adversarial Network (CDC-GAN) significantly lowers computational costs while handling complex nonlinear relationships.
Particle Swarm Optimization (PSO) combined with Bayesian Random Forest (BRF) provides reliable proxy modelling and
optimization, also the Echo State Network (ESN) improves prediction accuracy, however it requires high-quality historical
data. While Adaptive Neuro-Fuzzy Inference Systems (ANFIS) efficiently handle uncertainties, Least Square Support Vector
Machines (LSSVM) and Artificial Neural Networks (ANNs) demonstrate predictive capabilities for nonlinear relationships
in the CEOR. This review emphasizes the role of Reinforcement Learning (RL) in thermal, along with the incorporation of
Principal Component Analysis (PCA) and clustering techniques for improved data interpretation. Consequently, this study
presents a comprehensive analysis of Al techniques in Enhanced Oil Recovery (EOR) from 2009 to 2024, offering researchers
and technical experts insights for future investigations.
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Introduction & background

Artificial intelligence has been applied in the petroleum
industry for a wide range of tasks, including seismic and
log interpretation, precise modelling, optimized drilling
operations, well dynamics forecasting, and safety alerts.
Machine learning has gained prominence among petro-
leum engineering experts by transforming large datasets
into meaningful insights that facilitate rapid and reliable
decision-making. Data-driven modelling methods, which
use a lot of data analysis and machine learning to predict
system behavior, are a very interesting option. EOR is an
important stage in field development planning. It is used
when primary and secondary recovery methods are insuf-
ficient to extract hydrocarbons from remaining reserves.
EOR techniques encompass gas flooding, chemical flooding,
and thermal flooding. This method enables oil companies
to evaluate the field’s economic viability by modifying the

*E-mail: rehab.abbas2208@coeng.uobaghdad.edu.iq
http://dx.doi.org/10.5510/OGP20260201196

60

system inputs (e.g., number of new production and injection
wells, well locations, injection flow rates and, compositions,
production flow rates, etc.).

The main goal of EOR is to find and exploit oil and gas
resources to ensure energy availability, meet global energy
needs, and maximize profits. Reservoir engineers need sub-
surface reservoir simulation to reach these goals. This better
understanding lowers the uncertainty about the reservoir’s
properties, boundaries, and heterogeneity, which in turn
improves the model’s quality and reliability. Moreover, the
predictive capabilities of machine learning can be employed
to enhance production plans. Reservoir engineers typically
apply screening criteria to determine suitable EOR tech-
nologies for a certain reservoir. The EOR screening criteria
delineate the validity intervals for each significant reservoir
and fluid properties, based on successful field experiments,
technical assessments, and expert evaluations [1]. In the era
of big data, artificial intelligence has gained attention as a
powerful tool for increasing production and operational
efficiency in industrial sectors, and machine learning, espe-
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cially deep learning, has advanced significantly [2].

It is estimated that two-thirds of the original oil remains
after the primary and secondary recovery phases. The resid-
ual oil quantity has garnered the interest of industries and
researchers towards the development of novel procedures
known as tertiary oil recovery methods [3]. The advance-
ment of artificial intelligence has facilitated the transition
of traditional oil and gas fields into the era of intelligent,
digital operations, significantly enhancing their intelligence.
This change reduces development costs and enhances pro-
cesses and efficiency. These three EOR methods are now
important tools for improving production and research in
the field of petroleum engineering. However, the determi-
nation of optimal parameters for these methods may require
costly tests, production processes, or numerical simulations.
Researchers can use ML to predict likely parameters or
come up with optimization design strategies by training on
sample data.

Artificial intelligence (AI) has become essential in many
fields, including the oil and gas industry, where it is applied
to drilling, reservoirs, and production. In oil and gas extrac-
tion, traditional techniques, such as reservoir simulation,
are employed to forecast the oil production rates. This sim-
ulation necessitates extensive data, resulting in prolonged
and costly process steps. Al is desperately required and
may serve as a solution in this instance. Al has emerged as a
prominent topic in contemporary applications [4]. The pri-
mary benefits of employing Al over traditional approaches
include faster processing times and accurate predictions
[5-8]. Numerous research studies have illustrated the appli-
cation of Al in the petroleum sector to enhance operational
efficiency [9-11]. An application of Al in the drilling sector
was executed by [12]. Various employed Al methodologies
include particle swarm optimization-adaptive neuro-fuzzy
inference system (PSO-ANFIS), (ANFIS), radial basis func-
tion algorithm (RBF), and (LSSVM-GA). These strategies
are employed to predict the performance and select the
most appropriate model. [13] Employed Al for predicting
oil flow rates through the implementation of five machine
learning techniques: RBF, ANFIS, Multilayer Perceptron
(MLP), LSSVM-GA, and Gene Expression Programming.
MLP produced a more precise model for forecasting oil flow
rates with 830 training data points.

This study produces a reliable forecasting model with
high accuracy [14]. Using input parameters such as well-
head pressure, fluid properties, variable speed drive sensor
data, and downhole electric submersible pump sensor read-
ings, four ANN models were developed. The ANN models
demonstrated cost-effectiveness, simplicity, and efficiency
[15]. The Python programming language was used to build
the predictive models for all three approaches. Traditional
methods are limited by complex geological conditions and
oil field layouts, which leads to lower water injection effi-
ciency and higher costs. ML is described as the study of
a computer’s capacity to learn from data [16]. However, due
to complex geological conditions and oil field setups, tradi-
tional methods often fail to achieve the best results, leading
to lower injection efficiency, higher costs, and longer pro-
duction times [17-19].

A pertinent literature evaluation indicates that an opti-
mization methodology for ANN design can be employed to
effectively identify the most suitable neural network topolo-

gy (including the number of hidden layers, hidden neurons,
and transfer functions) [20]. This trend is due to most oil-
fields worldwide entering the decline phase. Consequently,
the postponement of reservoir abandonment has become a
subject of close attention for scholars globally. Their study
typically emphasizes the critical need for the development of
novel techniques, commonly classified as tertiary oil recovery
systems, which possess the capability to sustain economic
production rates. The CEOR process considers both macro-
scopic and microscopic sweep efficiency. Chemical agents
are used in the first case, while polymers are used to increase
the mobility ratio by increasing the shear viscosity of water
in the second.

CEORis implemented in reservoirs as a tertiary approach
when waterflooding has attained its recovery efficiency
threshold, estimated to be around 30-50 % of the original oil
in place (OOIP). This approach effectively recovers residual
oil entrapped by capillary forces during waterflooding.
Chemical substances are introduced into the reservoirs to
modify the wettability of the fluids, enhance sweep efficien-
cy, and reduce the interfacial tension between water and
oil. Polymer flooding is a promising approach to CEOR that
functions as a thickening agent to augment the viscosity
of injected water. The rheological properties of polymers
can enhance oil recovery compared to traditional water
injection methods. Polymer injection is a well-established
EOR technology, supported by laboratory experiments and
practical field operations for over 50 years [21]. Surfactants
are special chemicals that help reduce the tension between
oil and water, which leads to a higher capillary number,
directly linked to the removal of leftover oil after water
flooding. Al-Dousari reported a strong correlation between
chemistry and an expert system that employed ANNs to
forecast the oil recovery factor (RF). Ahmadi investigated
surfactant flooding by concentrating on the optimization of
the ANN architecture to improve the prediction of the RF
and project cost [3]. Thermal techniques are considered the
most common methods for enhanced oil recovery, which
include cyclic steam injection (CSI), steam flooding, in-situ
combustion, and steam-assisted gravity drainage (SAGD).
The primary aim of applying heat to a heavy-oil reservoirs
is to reduce the fluid viscosity. The inaugural application
of CSI occurred in the late 1950s. The rapid payout and
the feasibility of injection and production from a single
well-rendered field operation were more favourable than
research developments in earlier periods. Thermal recovery
processes seek to reduce oil viscosity by injecting heat into
the reservoir [22].

Steam flooding is the oldest and most effective com-
mercial EOR method, having been in use since the 1960s.
It is acknowledged as one of the most efficient techniques
for extracting oil from various reservoir types, as it yields
a higher ultimate oil recovery compared to other EOR
methods [23-26]. Recently, Al has emerged as a prominent
subject, with an increasing number of AI methodologies
being employed in the oil business for sophisticated data
analysis. Steam flooding has been quite effective in shal-
low heavy oil fields. The steam-assisted gravity drainage
(SAGD) is the most appropriate thermal recovery technol-
ogy, demonstrating superior performance relative to other
methods in heavy oil and bituminous sandstone reservoirs
[27]. Approximately 68-75 % of the oil can be recovered in
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situ using the SAGD process, which uses two parallel hori-
zontal wells, usually one drilled 5 meters below the other,
with the upper well used for steam circulation in the reser-
voir and the lower well used for oil extraction [28]. SAGD is
mainly recommended for thick, shallow reservoirs contain-
ing high-viscosity oil and more than 15 meters deep [29].

The success of SAGD depends on various factors,
including reservoir fluidflow characteristics, oil saturation,
differences in the reservoir’s structure, and the conditions
of steam injection. Directional fluid mobility, the amount
of oil present, reservoir variations, the presence of water
and gas zones, and the rate, pressure, and quality of steam
injected have a significant impact on the effectiveness
of SAGD. Shin [30] identified reservoir thickness, perme-
ability, oil saturation, and porosity as four critical param-
eters for predicting SAGD performance and assessing the
economics of a SAGD project. Also, steam huff and puff
injection, or cyclic steam stimulation, is a thermal process
that involves the cyclical injection of steam, alternating
with oil extraction. The issue of cost and time inefficiency
in reservoir simulation continues to affect the design of
a steam huff and puff injection method. This approach
accounted for almost 40% of overall EOR generation in 2015
[31]. The thermal EOR technology operates by decreas-
ing oil viscosity through elevated reservoir temperatures.
Following the soaking period, the well is reopened and oil
production is enhanced. Since a large portion of the steam
condenses during the soaking period, the well produces
both heated water and heated oil. Previous applications
of this strategy have been documented in Cold Lake Field,
in Canada [32,33], Midway Sunset Field,in California,
Duri Field,in Indonesia [34-36]; and Tia Juana Field, in
Venezuela [37, 38]. Due to the requirement for continuous
surface steam generation, SAGD is significantly limited by
the need for large quantities of steam, particularly in thin,
low-quality reservoirs [39]. Al's use in the oil industry can
be divided into two categories: pattern recognition and
efficiency/parameter forecasting [40- 43].

Steam injection is expensive, with steam comprising
over fifty percent of operational costs; thus, process optimi-
zation is essential to enhance the net present value (NPV).
Researchers have employed several decision variables and
objective functions throughout the years to optimize steam
allocation for bitumen and heavy oil reservoirs. In oil
fields, accurately forecasting the thermal characteristics
along wellbores is a primary responsibility for practicing
engineers. Viscous oil is a matter of global significance, as
conventional oil reserves are being exhausted [44]. Steam
flooding is a thermal recovery technique that involves the
continual injection of hot steam into the reservoir. The dis-
tribution of steam in the reservoir affects the outcome of a
steam flooding project. The development scenario, reservoir
thermal characteristics, residual oil saturation, reservoir
heterogeneity, oil viscosity, and well spacing are some of
the many factors that affect a thermal recovery project’s
effectiveness.

This paper explores the application of ML to screen for
EOR in reservoir development projects. It highlights the
challenges with ML, such as making misinterpreting about
EOR screening as a classification problem, lack of data for
learning that can be used in other situations, and lack of
input features.
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Application of machine learning to

water flooding

Waterflooding is extensively implemented globally as the
secondary recovery method to enhance reservoir efficiency.
Investigating the application of Al in water injection develop-
ment within oil fields has considerable practical ramifications.
Waterflooding, is a process involving the injection of water
into a reservoir to augment pressure and enhance sweep
efficiency, is widely employed as a secondary oil recovery
method to increase oil production. Historically, the favourite
method for estimating the future performance of a water-
flood project is numerical reservoir simulation. Nonetheless,
despite the considerable strength and insight offered by sim-
ulation models, this potential is occasionally unattainable due
to substantial processing demands. Recently, certain studies
employed machine learning to deduce the injector/producer
relationship in waterflooding reservoirs, using the injection
rate as input and the production rate as output [45, 46].

This study involves the design and implementation of a
proxy model using a conditional deep convolutional genera-
tive adversarial network (CDC-GAN) to efficiently compute
the dynamic fluid distribution in a heterogeneous reservoir
during waterflooding. Zero-sum game theory underpins the
CDC-GAN, which comprises a duo of generative discrim-
inative models. This study involves the development of a
CDC-GAN proxy model designed to reliably forecast fluid
saturation. One portion constituted the training dataset for
the proxy model, while the other portion served as the testing
dataset to assess the proxy model’s performance. This meth-
od demonstrates that CDC-GAN can acquire the nonlinear
mapping function between input and output spaces [47].

In waterflood projects, important decisions are made to
maximise the net present value (NPV) for a given period,
maintain reservoir pressure, minimise water production. In
this study, a new proxy model presented based on machine
learning for predicting waterflood performance and use it
for optimising production to get the best future well control.
This data-driven model is implemented using an ESN within
the «Reservoir Computing» (RC) paradigm. In contrast to
conventional ESNs, this approach incorporates a feedback
loop from the output into the high-dimensional «reservoir.»
The Teacher Forcing (TF) technique facilitates the incorpo-
ration of the feedback information without adding extra
recurrent loops to the training process. All computations
herein possess analytical answers that ensure much enhanced
speed, thereby reducing the processing requirements during
the optimisation process. This method is more appropriate
for mature fields, as dependable production data following
breakthrough from each producer can significantly enhance
the training process. It can also be applied in situations where
no reservoir model has been developed. The linear output
link significantly reduces computing burden and enhances
simplicity compared to most other proxies [48].

This study intends to apply Al methodologies to predict
oil production rates based on water injection rates. Three
wells are interconnected using a direct line drive pattern.
Three distinct AI methodologies were employed, namely
multiple linear polynomial regression (PR), multiple linear
regression (MLR), and ANN, to develop models for pre-
dicting oil production rates. The dataset has been randomly
divided into 80% for training and 20% for testing subgroups.
The training data is used to construct prediction models,
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whilst the testing data serves to assess model performance.
The comparative analysis identifies the model exhibiting the
minimal root mean square error (RMSE) and the maximal
test value. The training data is utilised to construct predic-
tion models, whilst the testing data serves to assess model
performance. The MLR and PR techniques serve as efficient
and expedient statistical prediction methodologies. MLR can
create a linear correlation between response variables and
predictors. Concurrently, PR is used as a predictive technique
for data exhibiting nonlinear relationships [49].

The Bayesian Random Forest (BRF) approach is used as
the model’s training algorithm. The model is assessed by
computing the mean square error and coefficient of deter-
mination, drawing an error distribution histogram, and
creating a cross-plot of simulation data versus verification
data. The production forecast model for waterflooding res-
ervoirs is constructed by training an architecture of neural
networks with characteristics specifically targeted to enhance
performance. A multitude of features are developed, and via
a brute force methodology, those that do not substantially
enhance the model’s performance are omitted in the final
iteration of the model. This study used 14 years of production
data to train, validate, and test an artificial neural network.
The data was split into four parts: 80% for training, 5% for
testing, 5% for validation, and 10% for a blind evaluation of
the model. The model presented in this research exhibits the
lowest average absolute percent error of 14.732%, compared
to the empirical models of Standing and Vazquez-Beggs. It
can yield effective generalization for noisy datasets, such as
the oil, gas, and water production rates used in this work [50].

The data assimilation technology is initially employed to
align geological model variables with observed well dynam-
ics. The flow relationships between injectors and producers
within the block are determined using an automated identifi-
cation method for layered injection-production flow relation-
ships in mature fields. Finally, the production projections and
optimization of the precise water injection plan are accom-
plished using the PSO algorithm. Case study data shows an
8.2% increase in cumulative oil production 12 months after
optimization compared to non-optimized production [51].
By merging the BRF and PSO, an ensemble proxy-model-as-
sisted optimization framework for the injection production
system is constructed. The BRF model outperforms compet-
ing machine learning models when used as a stand-in for the
injection manufacturing system. On-site adjustment of the
injection mode is possible using the Pareto frontier. Selecting
the particle injection mode that corresponds to the maximum
oil rate is an option when developing a reservoir with high
oil output as a goal. When producers encounter a high gas
oil ratio (GOR), they have the option to choose the injection
mode that minimises GOR [52].

Predicting future oil output from an established onshore
field that is being injected with both water and steam at the
same time is the issue at hand. However, reliance solely on
conventional wisdom may be insufficient. Recurrent neural
networks (RNNSs) and linear regression (LR) are the two
ML algorithms used. Both methods can produce accurate
production projections. Characteristics derived from materi-
al-balance analysis are (i) total injection rate and (ii) number
of producing wells. Recurrent ANNs can explain previous
data due to loops. The outputs of earlier steps are used as
inputs in the current phase. Currently, the data-driven meth-

odologies are utilized to analyze oil reservoirs subjected to
gas-flood and water-flood scenarios [53].

This paper provides a brief overview of intelligent field
deployment for mature reservoirs, involving the recent devel-
opments in data foundation creation, research on applied Al
algorithms, potential use cases, and the complete deployment
process. International and domestic oil and gas companies
are in the process of starting to build and distribute lake data
on a massive scale [54].

The previous papers collectively demonstrate the role of
Al in optimizing waterflooding processes. Numerical res-
ervoir simulations, though powerful, face scalability issues,
prompting the adoption of Al-driven proxies like CDC-
GANSs and ESN for efficient fluid distribution and produc-
tion forecasting. Statistical methods (MLR, PR) provide
simplicity but lack robustness for nonlinear relationships.
Techniques like, BRF and PSO enhance model accuracy and
decision-making. The production rate, which acts as a critical
performance indicator, and the injection rate, and has a direct
impact on reservoir pressure, are the main variables influ-
encing Al approaches for forecasting oil production rates.
Geological features and well configuration are also important
factors influencing fluid dynamics and recovery efficiency.
More accurate predictions are ensured through improved
model training and validation using historical production
data. Model performance is improved by incorporating dif-
ferent features. Important chemicals that have been reported
for EOR applications in different oil fields are listed in table 1.
Different studies reported in table 1 represent the ML tran-
sitions into the EOR process by WF and the development of
EOR methods to improve the oil recovery in the last decades.
The table summarizes the method of ML and optimization
algorithms for water flooding for green and mature carbonate
fields, which outlines the input variables and their impacts on
output, the objective of the study, and the result, evaluation
& limitation.

Categorization of machine learning algorithms

for optimizing the water flooding method

The literature reviewed above for WF presents a classifi-
cation of machine learning methods. The CDC-GAN proxy
model is the first method for modelling dynamic fluid dis-
tribution in heterogeneous reservoirs. It uses a cutting-edge
Al method to predict water and oil saturation distributions,
enabling optimization and uncertainty analysis. This meth-
od significantly reduces computational costs compared to
traditional numerical reservoir simulations and handles
complex nonlinear relationships effectively. BRF with PSO
is the second method, combining two powerful techniques:
BREF for accurate proxy modelling and PSO for optimization.
It achieves high prediction accuracy with reduced training
time and has been proven to optimize injection strategies and
improve cumulative oil production. However, its complexity
and reliance on specific reservoir conditions make it slight-
ly less versatile than CDC-GAN. ESN with TF is the third
method, implementing a reservoir computing paradigm with
feedback loops for enhanced prediction accuracy. It requires
less computational effort compared to traditional numerical
models or deep learning and is suitable for mature fields
with extensive production data. However, its performance
heavily depends on the quality and history of training data
and has limited applicability to reservoirs lacking sufficient
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production history. ANN is the fourth method, proven to
outperform simpler regression methods with lower RMSE
and higher test values. It is well-suited for noisy datasets
and complex relationships between injection and production
rates. However, it is computationally intensive and requires
significant effort in feature selection and dataset prepara-
tion. RNNs are the fifth method but are computationally
expensive and require fine-tuning and a significant amount
of training data. PR and MLR are near the bottom due to
their simplicity and computational efficiency but poor per-
formance in handling complex, nonlinear relationships in
real-world waterflooding scenarios.

Application of machine learning to

chemical flooding

CEOR reduces the interfacial tension between the aque-
ous and oil phases or increases the aqueous phase’s vis-
cosity, enhancing the mobility ratio and sweep efficiency.
Polymer flooding, with its low injection cost and oil pro-
duction increases, is one of the most widely used chemical
EOR procedures. Polymers are introduced into the sup-
ply to decrease water mobility and increase clear efficien-
cy. Polymer flooding the adjoint approach can calculate
the NPV gradient to determine optimal control variables,
including injection and production rates, polymer concen-
trations, and polymer grading. Conventional reservoir sim-
ulators are computationally intensive, especially for com-
plex fields, but ML methods can predict the RF and NPV,
two crucial parameters of chemical flooding operations.
This thinking about employments manufactured fabricating
histories from a high-fidelity numerical reenactment show
to form ANN proxies.

The essential factors distinguished as affecting chemical
adsorption on rocks are concentration, salinity, temperature,
and PH. The purpose of this study is to summarize research
on surfactant adsorption on various reservoir rocks and
under various situations, as well as the effects of surfactant
concentration, salinity, temperature, and pH. It is possible
that surfactant concentrations will decrease due to adsorp-
tion on rock surfaces, which could impact their efficiency
and efficacy in practical EOR applications. The primary role
of surfactants is to significantly lower the oil-water-rock
system’s interfacial tension (IFT) to an extremely low value.
To keep the whole process from failing, it is essential to
reduce the quantity of surfactant adsorption. The adsorption
capacity grows as the concentration of the surfactant rises.
Beyond the critical molecular concentration (CMC), the
adsorption behaviour remains unaffected by concentration
increases. This describes the interaction between salt ions
and surfactants. Molecules show that saltiness changes how
surfactants stick to surfaces. Because the repulsive interac-
tions between adsorbed molecules reduce as the salinity of
reservoir brine increases, surfactants are more effectively
adsorbed on rock surfaces. As the temperature rises, the
kinetic energy of the species increases, which in turn causes
a significant drop in surfactant adsorption. The amount of
surfactant adsorption varies at different pH levels as the sur-
factant’s charge interacts with other things. Rephrase Surface
charges show how much pH affects the way surfactants stick
to surfaces [55].

The proxies consider the fluid and reservoir rock prop-
erties as well as the project design criteria. In this study, the

outcomes of comprehensive blind tests that were conducted
to validate the proxy models to get the NPV of the polymer.
For injection projects, a hybrid approach combining expert
systems with PSO method was proposed. The expert system
enables engineers to model various optimization scenar-
ios by adjusting economic parameters, including capital
cost, oil price, and injectant cost. ANN model reduced the
complexity of the simulation model 200 times faster than
commercial simulators and obtained a 90% correlation for
test samples with a mean absolute deviation <10% [56]. The
primary objective of this research is to identify effective
chemical flooding strategies for petroleum reservoirs by
using a novel Al approach known as «LSSVM» to make pre-
dictions. Applying LSSVM to the existing literature databas-
es allowed to more accurately forecast the RF and chemical
flooding costs, enabling targets to be achieved. Chemical
flooding operations can benefit greatly from the suggested
model’s predictive capabilities [3].

To forecast the RF and NPV for an SP chemical flooding
process, [57] built a multilayer perceptron (MLP) model
that considers variables such as the size and concentration
of surfactant slugs, the concentration and drive size of poly-
mers, the salinity of the polymer drives, and more. For more
accurate predictions, the network’s design was improved.
The model has been shown to be very accurate. The results
show that using MLP-based chemical flooding is dependa-
ble and can be calculated easily and affordable. Finally, [58]
used API gravity, viscosity, porosity, permeability, chemical
flooding performance, and other parameters to train ANN
models with Genetic Algorithms (GAs). There is no mention
of this novel methodology in the current literature; instead,
the ANN model architecture is fine-tuned using a GA-fold
cross-validation hybrid. The RF may be accurately predict-
ed by the models that were developed. Traditional meth-
ods, including policy iteration and backward induction,
become computationally difficult and intractable when the
state space gets massive and complicated. The alternative
approach known as approximate dynamic programming
(ADP) was employed to address these concerns while
reducing the number of computational resources needed.
ADP is a strong method that can tackle difficult, big prob-
lems and find a very beneficial solution. The approximate
dynamic approach that is used for improving the decision’s
timing and value by considering both the information
available prior and following the decision, as well as any
future information that could be useful for making deci-
sions, results in significant improvements in economy. The
Tree-Based Pipeline Optimisation Tool (TPOT) is an Auto
ML method that’s employed in much research. Olson and
Moore (2019) were the first to suggest TPOT. A stochastic
search approach, like genetic programming, is used by
TPOT to optimize ML pipelines. The decision will influence
the learning process over time, and this study provides
valuable insights into the reservoir development plan [59].

In this study to assess the output EOR performance,
fuzzy neural networks like ANFIS were used, together with
MLPs. The proposed models predict data with high accu-
racy (R?=0.9990 and RMSE=0.0002 for MLP, R?=0.9973 and
RMSE=0.0008 for RBF, and R?=0.9729 and RMSE=0.0150
for ANFIS neural network). These statistics demonstrate
the MLP neural network’s exceptional predictive perfor-
mance. The parameters most affecting polymer flooding
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EOR performance are API gravity, salinity, permeability,
porosity, and salt concentration. The data records that made
up the collected data sets were split evenly between train-
ing (70%), validation (15%), and testing (15%) data. In this
paper, tangent sigmoid (tansig), log-sigmoid (log-sig), and
the linear transfer function (purelin) are all activation func-
tions employed in MLP. Tansig is utilized as the connection
between the input and hidden layers [60]. In this study,
a tool was developed to predict how well a polymer will
work in flooding using a data-driven model based on ANN.
Data-driven models are created to assist in decision making
on a specific oil reservoir. To develop a predictive tool for
polymer injection, two main steps were used: building a
numerical model of the reservoir and developing an ANN.
The numerical reservoir model is made using a black-oil
reservoir simulator, specifically Computer Modelling Group
(CMG). The main goal is to demonstrate the effectiveness of
data-driven models compared to traditional numerical sim-
ulators, specifically for polymer injection in the Daqing Oil
Field, the largest polymer-flooding field in the world. Using
prolonged polymer flooding helps keep the water-to-oil
ratio lower. Nevertheless, the RF by itself cannot determine
if polymer flooding is superior to alternative injection tech-
niques. Polymer injection can greatly lower the volume of
water injected and produced. Data-driven technologies can
offer a rapid and low-cost method of information evaluation
and analysis. The suggested method (forward and inverse
models) can help determine the best way to inject chemicals
to meet expected production goals [61].

They trained a reverse ANN using information about
the area’s features, starting conditions, permeability levels,
and oil production data to predict the design details and
how water production and pressure change over time. The
forward model showed much better results. In the second
case, the author performed simulations to create a training
dataset. This dataset included similar details about space,
starting conditions, fluid qualities, and permeability rates. It
also covered properties of polymer, like how much it sticks
to surfaces, salt levels, and thickness. The results focused on
water production, oil production, and pressure at the injec-
tion well. The writer created the same models as before. The
forward model showed much better results [62].

In this study, 1100 training instances were generated
for ANN to cover reservoir properties and chemical kinds
in a five-spot pattern. The design details were connected to
the reservoir features through various methods to improve
the ANN models and boost their performance. In this
study, five ANN models for a sandstone reservoir were
created and how the reservoir responded was measured
using Computer Modelling Group-Specialized Treatment
for Arthroplasty Recovery and Stability (CMG-STARS).
One forward model (Model #1) and four inverse mod-
els using back-propagation techniques. Model #1 predicts
the reservoir’s behaviour, including oil production, water
content, pressure at the injection point, total oil produced,
and project details (size of the pattern and the amount and
strength of chemicals used). Model #2 finds out the reser-
voir features by comparing them with previous results from
the reservoir. Model #3 predicts project details using known
reservoir behaviour and features. Models #4 and #5 help
predict important details for oil projects based on how much
oil is needed and how long the project will take. Improve
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the performance of the ANN models by changing the struc-
ture and using more training data. These adjustment made
the errors smaller, and the new models also worked much
faster, taking about 10000 times less time to compute. The
results indicated that the suggested models can accurately
recreate the results from the simulator and do so much
faster [63].

Jiang created a complex neural network to predict how
much oil will be produced and the amount of water that
comes out during a special flooding process using a polymer.
They found that chaotic neural networks can make predic-
tions about nonlinear time series more accurate, and this
has promising potential for future use [64, 65]. In this study,
an ML method was used to create a better way to choose
polymer gels for use in injection wells. Logistic regression
models were trained using previous data from four real-time
gel systems: bulk, high-temperature, colloidal dispersion,
and weak gel. Three methods were used: univariate entropy
R2, stepwise regression, and the area under the ROC curve
(AUC). The results indicate that logistic classification mod-
els and similar methods can accurately predict the right gel
technology in over 85% of the projects in both the training
and validation samples. The three models used in this study
are referred to as G2, G3, and G4. The findings for the three
models highlight the following points: Five parameters (rock
space, oil layer thickness, oil thickness, water content, and oil
recovery) have a significant role. Logistic regression models
are effective in the G4 and G3 models, but they don’t predict
well in the G2 model. Five important factors were identified:
porosity, net thickness, oil viscosity, water cut, and RF. In the
end, a logistic regression method was found to be suitable
for EOR screening, despite complicated data patterns and
several variables [66].

While prior laboratory studies primarily investigated
the influence of ultra-low oil-water interfacial tension on oil
recovery efficiency, this paper examines the impact of active
surfactant polymer (ASP) concentration for different rock
types. Over fifty flood tests using fake models were carried
out. These models were created with different levels of how
easily fluids can pass through them. Sixteen ASP solutions
were made and used in tests. The ASP flood tests looked
at how the amount of NaOH and the balance of reducing
surface tension and adding oil affected the recovery. This
crucial viscosity of displacement should be a key factor in
enhancing the chemical composition of an ASP flood for
a particular reservoir [67]. In most of those predictions, only
one type of plastic was used to achieve the study’s goal. This
paper aims to suggest an effective tool for predicting recov-
ery rates at various stages of injecting two polymer slugs
during polymer flooding, using an ANN back-propagation
algorithm with six input factors used to predict three output
factors, using a hidden layer that had 10 neurons. The per-
formance of the ANN model was compared using multiple
linear regression. The ANN tool accurately predicted RF
with less than 1% error, with the second polymer concentra-
tion having a smaller effect due to the first polymer injection
altering permeability.

A study was conducted using simulations and comput-
er models to understand how effective two types of thick
liquid (polymers) are in helping recover oil. ANN tool
accurately predicted RF with <1% errors. The RMSE val-
ues were 0.11, 0.37, and 0.36 % for the RF at three different
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times. The results showed that the speed of injection and the
amount of polymer in sizes 1 and 2, along with the size of
the water drive, were the most important factors. This study
demonstrated that the suggested ANN model (hidden layer
composed of 10 neurons) can accurately predict how much
oil can be recovered during polymer flooding using two
types of polymers [68].

The reviewed studies demonstrate the significant impact
of ML in optimizing CEOR processes, particularly polymer
and surfactant flooding. ML models such as ANNs, MLPs,
LSSVMs, and hybrid approaches like ANN-GA have shown
remarkable accuracy in predicting key parameters like RF,
NPV, and adsorption effects while drastically reducing
computational costs compared to traditional simulators.
Advanced methods like ANFIS, TPOT, and ADP further
enhance decision-making, model optimization, and reservoir
development. Some of the most significant variables that
affect adsorption, recovery efficiency, and project economics
are surfactant concentration, salinity, temperature, pH, poly-
mer properties, and reservoir characteristics. Logistic regres-
sion and ANN-based methods have shown that they can fore-
cast how well EOR will work in a variety of situations. But
there are difficulties, such as the necessity for high-quality
data, the capacity to apply the models to different reservoirs,
and the difficulty of adding complicated reservoir physics to
ML models. In table 2, many methods from previous works
are reported, representing how the ML developed the EOR
process by CEOR to increase the EOR in the last decades.
The table summarizes the method of ML and optimization
algorithms, which showed the type of ML, the type of
chemical that was used, the inputs that were taken and their
effects on output, the objective of the study, and the result,
evaluation, and limitation.

Categorization of machine learning algorithms

for optimizing the chemical flooding method

The literature review above for CEOR presents a classifi-
cation of machine learning methods. LSSVM is a good meth-
od; it has high reliability and accuracy, as well as the ability
to handle non-linear relationships among input features,
making it suitable for complex EOR scenarios and effective
integration with existing literature databases for improved
predictions of RF and costs. ANNs are strong due to their
exceptional predictive performance with very high R? values
and low RMSE and flexibility in modelling complex non-line-
ar relationships, which are common in EOR scenarios, where
multiple interacting factors (such as chemical concentration,
salinity, and temperature) are present. The use of ANNs in
combination with GAs for model optimization enhances their
performance; studies indicate that ANNs not only match but
often exceed the performance of these conventional methods
in terms of speed and accuracy and their ability to perform
forward and inverse modelling.

MLPs are an effective, specific type of ANN that has
shown strong performance in predicting chemical flooding
outcomes and can be fine-tuned for better accuracy. The
model utilizes various activation functions and can be fine-
tuned for better accuracy. ANFIS is useful for combining
neural networks with fuzzy logic to handle uncertainty and
provide accurate results. PSO is beneficial for optimizing
parameters in combination with other methods, although it is
not a standalone predictive model, but it increases the perfor-

mance of other models by optimizing the search space. ADP
is considered useful for solving complex decision problems
but may require computational resources. It is more suited
for specific scenarios rather than broad prediction projects.
TPOT is an Auto ML method that automates the optimization
of machine learning pipelines.

Application of machine learning to thermal

The steam-assisted gravity drainage (SAGD) method is a
complicated way, takes a long time, can have many different
effects, and may vary a lot in different areas because of the
complex dynamic of this process. In this paper a simulation
model of a reservoir made with information from a reservoir
in Alberta has one set of wells (one for injecting and one for
producing) and looks at a production period of 250 days. The
model is measured by the total amount of oil and water pro-
duced, as well as the amount of water injected. For each step
in time, there are three possible actions: increase, decrease, or
keep the same amount of steam injection. Stochastic gradient
descent is employed to estimate the action-value function, so
this process goes on for several runs of the changing situation
until convergence is achieved. This paper introduces how RL
can be used instead of traditional methods to improve the
management of reservoirs. The goal is to find the best steam
injection rates at each moment that will increase the NPV. RL
surpasses both constant rate steam injection and traditional
optimization techniques by increasing NPV and lowering
the steam-oil ratio [70].

Earlier studies found that using steam flooding (SF) and
CSI together led to the best increase in oil recovery, but more
research is needed to find the best approach. The RF and
NPV are the main goals, and they examined how different
controlled factors affect these goals. A quadratic mathemat-
ical proxy model is developed to assist in evaluating and
reaching the intended objective. The CMG-STARS simulator
is used to model how heat recovery works in a reservoir.
The proxy model created has been tested using statistics and
shows a strong relationship in its results. Using the proxy
model can greatly reduce the time needed for the evaluation,
making it possible to solve the complex optimization problem
much faster [71].

This paper talks about three models using ANNs. These
three models were the Forward model (to estimate viscosity
contours & performance indicators), Inverse Model (to guess
the design details for CSI), and Inverse Model 2 (to forecast
important features of a reservoir). Some of the results show
higher error rates, like matrix permeability, but the error rates
for the other results are acceptable. Viscosity contours reflect
the operational performance indicators. When the contours
are near the well, the size of the area that can be stimulated
is small, while when the viscosity contours are far from the
well, the area that gets treated is bigger, because the injected
steam spreads out over a wide area; the distance between
fractures determines the stimulated area. So, flow rate at the
start becomes high because the steam adds energy that is kept
in a much smaller space, although the oil was coming out
quickly at first [72].

This paper uses ANN to forecast production from SAGD
in non-homogeneous reservoirs. The Arps decline parame-
ters from real data have been successfully tested for creating
a total production profile. PCA is used to make the data
simpler, improve the accuracy of predictions, and prevent
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mistakes from having too many details. It has been shown
that using cluster analysis to identify patterns and groups in
the data before applying ANN greatly improves the reliabil-
ity and accuracy of predictions. SAGD works worse when
there are a lot of long, continuous layers of shale. A new
measure called the shale continuity indicator (SI) has been
created; the indicator shows how the nearest shaly barrier
affects the amount of oil during the SAGD process. Since
important information like bottom-hole pressures, work
schedules, fluid types, flowability, and thermal properties
is usually not available to the public. These models are cre-
ated without any individual preferences, which makes them
advantageous for comparing how different fields perform
solely based on their reservoir characteristics. The result
helps identify if one field is doing better or worse than oth-
ers with similar reservoir qualities. This research indicated
that the steam-oil ratio is an important measure for both
costs and operations [73].

The aim of this study is to build a computer system that
can predict ultimate recovery. The ANN model included
more than 250 different data points from various sources. The
collected data was used in a special type of computer model
called a feed-forward back-propagation to estimate RF with
less than a 10% mistake. Feedforward networks take the data
from input points through the hidden. The best ANN model
has five layers. The first four layers are hidden layers, and
the last layer is the output layer. The neural network inter-
face was found to be correct with a 2-10 % margin of error.
When this method was tested with a new set of 64 data, it
made predictions that were 83% accurate according to line-
ar regression [74].

The Fast-SAGD method is a new way; in this method,
extra wells are drilled to inject and produce at regular times.
This reduces the expenses associated with SAGD paired
injection-production wells and results in increased output in
a shorter time frame. The main goal of this research was to
identify a better way to make the Fast-SAGD process work
faster and more accurately. A GA was used to improve this
study and choose a function that combines RF and cyclic
steam oil ratio (CSOR). To make the optimization faster,
advantageous variables were changed to fixed numbers. The
position of the SAGD and nearby wells stays the same in the
X direction, but the depth of the wells from the bottom of
the reservoir can change. Other parameters can improve to
optimize, including when to start the injection for the offset
well, soak time, & time it takes to inject into the offset well.
In thermal recovery, the CSOR-to-RF ratio is kept as small as
possible (objective function = CSOR/RF). Adding more steam
or increasing the number of cycles increases the saturation
of steam in the surrounding area, which eventually causes
steam to flow around the fracture. The results showed that
the amount of oil produced using two-cycle and one-cycle
methods was nearly the same, resulting in similar recovery
rates. However, the two-cycle system used more injected
steam than the one-cycle system, which led to a higher CSOR
value in the two-cycle method. The RMSE values were found
using two methods: ANN-K means and ANN-fuzzy. When
the soak time is increased to 60 days, RF goes up and CSOR
goes down, so it is the best amount of time for this model.
The results showed that the one-cycle method is more impor-
tant for CSOR and RF values [75, 76].

In this research, predictive models were developed for
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the steam huff and puff method by two types of ML tech-
niques: regular polynomial regression and an ANN. Using
a model of a single well-shaped synthetic oil reservoir,
different experiments were created and tested regarding
reservoir characteristic and six output factors that show
how the reservoir produced and its characteristics after the
injection phase and training data 80% & testing data 20%.
The results, like total oil produced, the highest amount of
oil produced, and the oil production rate at the end of the
process from each simulation, are used to create the predic-
tion model. The models were checked for fitting the data
using three measures: the R-square value, MAE, and RMSE.
The Sobol analysis shows that Swi, the viscosity of the oil,
is the key factor for predicting oil performance. The PR
method is used to analyze the relationship between inputs
& results. The PR module was used to run the simulations
by recording the results and changing the hyperparameters
to create the accurate model. This method can be used to
create similar models for different types of reservoirs or
injection techniques to estimate performance for one cycle
in a reservoir [77].

In this study, hierarchical clustering analysis was used
(HCA) along with another technique called PCA to look
at steam flooding projects around the world and discover
patterns in these projects, which helps us identify the most
similar cases. In this study, a technique known as principal
component analysis was employed to transform the original
data into a new structure. HCA uses a better optimization
with five groups, a specific way to measure distance called
Euclidean distance (Ward’s linkage). Comparing the results
with and without PCA before using HCA shows that using
PCA with HCA facilitates to see clear clusters. Using the cal-
culation of 30 measures and the grouping pattern found that
the optimum is 5 groups, which means there are 5 stable pat-
terns [78]. Data from an operating steam flood are constantly
collected and used in a model called Data Physics (Ensemble
Kalman Filter (EnKF)) to optimize NPV and injection costs.
This case study focuses on a thick, heavy oil area. It demon-
strates the application of data physics modelling to analyze
future strategies. This paper gives a comparison between
the field execution and model estimation, which permits
demonstrating approval and highlights openings for assisted
advancement. The model’s predictions were reliable enough
to trust for making future decisions [79].

In this study, machine learning suggested a way to
plan steam use that can understand how different steam
injection patterns affect heavy oil recovery. A study is con-
ducted using a 3D model of an area involved in the SAGD
process. For each well, a polynomial model is created using
time data to predict key performance indicators (KPIs). The
suggested smart steam allocation system will help make
the operations of digital heavy oil facilities more efficient.
These improvement will lead to higher profits and a smaller
carbon footprint. This study shows the best use of steam in
an SAGD facility when the condition is constantly changing.
It provides instances of varying degrees of recovery: high,
medium, and low. Improving processes based on different
amounts of steam available: a) When there is 100% steam
available, meaning all the steam needed is present, b) 100%
or less steam available with ongoing injection ¢) Changing
steam availability from 80 to 100 % of the operating capacity
with ongoing injection rates, and d) The best steam availa-
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bility needed with continuous injection rates. This research
employs a model of an artificial reservoir consisting of three
sets of horizontal wells. The wells were warmed up for four
months before they started producing oil. The benefit of this
suggested process is that it updates the reservoir prediction
model in real-time, helping to make quick decisions. Unlike
first-principal models that need a lot of computational
resources to make decisions, the suggested workflow can
be easily added to everyday decision-making in field oper-
ations [80].

In this paper, a new model is suggested to predict the
heat-related properties of superheated steam (SHS) in injec-
tion wells and measure heat efficiency. This model is created
to predict pressure, temperature, and superheat levels in
SHS injection wells, using direct and indirect techniques
to measure how effectively heat is employed within the
well. Perform an analysis to assess sensitivity. This paper
provides simple guidance for engineers on improving injec-
tion settings and discusses the prediction of thermal and
physical characteristics of SHS. This paper presents four
new ideas: (1). A new math model is created to predict the
thermal and physical properties of SHS in wellbores, con-
sidering phase change. (2) A new method to measure heat
is introduced and used in SHS injection wells. (3) The flow
patterns of the SHS in the wells have been created. (4) The
study also explores the impact of injection settings on the
temperature at the bottom of the well. This study explains
some key flows of SHS in oil wells. To understand how
heat and flow move in wellbores during SHS, a few basic
assumptions are: (1) The injection settings at the top of the
well stay the same during the injection. (2) The heat transfer
rate inside the wells must be constant, while the heat trans-
fer rate in the surroundings changes. (3) Radiation and nat-
ural convection are the two main ways heat moves between
the outer wall of the tube and the inner wall of the casing.
(4) The physical and thermal properties are unaffected by
changes in temperature or the depth of the well. Engineers
need to choose a level of superheating that gets lower as
the injection pressure increases. To achieve a higher super-
heat level at the bottom of the well, engineers should avoid
setting the injection pressure too high. It's important to
carefully consider the boiler’s capacity and how well the
heat moves in the well to find the optimal temperature for
injection at the wellhead [81].

This study aims to create a proxy model that uses data to
predict the total amount of oil produced during the SAGD
process. When creating a model, ANN is used as an efficient
helper for the physics-based model & the von Bertalanffy
performance indicator to connect the physics-based model
with the ANN. The average error of the performance
indicator in the test data is 77%. The data-based proxy
model could be used for quick studies by using the Monte
Carlo method. The results of this study could improve our
understanding of combining physics-based models with
data-based models. In this study, ten features are chosen
to use in the number-based simulation model. Due to the
limited number of features, all ten attributes are utilized as
input parameters for the proxy model based on data. This
helps to gather as many different configurations as possible.
The proxy model considers starting conditions, reservoir
features, and operational settings. This research employs
a combination of the «Reduce LR On Plateau» optimizer,

ReLU activation function, and L1 loss function. Enhancing
the predictive capabilities of the neural network, various
techniques were implemented, including L2 regularization
and modifications to the output [82].

The reviewed studies explore advanced techniques for
optimizing thermal recovery operations, emphasizing ML,
ANNSs, and proxy models. RL worked well to dynamical-
ly optimize steam injection, raise NPV, and lower CSOR.
ANNs and PCA improved production forecasting, espe-
cially in non-homogeneous reservoirs, while clustering
methods enhanced data organization and interpretation.
Fast-SAGD methods, supported by GAs, optimized CSOR
and RF but required careful parameter tuning. Many chal-
lenges face thermal flooding, like data heterogeneity, shale
barriers, and operational constraints. To maximize recovery
efficiency, steam injection rates are one of the main factors
influencing the different approaches for forecasting oil pro-
duction in thermal processes. The reservoir’s permeability
and viscosity have a huge impact on how much oil and gas
can be made and how quickly it can flow. The historical
production data, which includes the total amount of water
and oil produced, is used to train prediction models. These
inputs help machine learning make better choices. Also,
issues like when to inject and how long to soak are critical
for attaining the optimum performance. In table 3 we can
discuss all the methods of ML and optimization algorithms,
which showed the type of ML, the type of thermal, the
inputs, the objective of the study, and the result, evaluation
& limitation.

Categorization of machine learning algorithms

for optimizing thermal methods

The literature review above for thermal flooding pre-
sents a classification of ML methods. RL is a very effective
way to improve SAGD operations. It can increase profits,
cut computing costs, and change automatically based on the
conditions of the reservoir by figuring out the best ways to
inject and regularly interact with its surroundings. ANN-
based models for predicting SAGD performance are very
accurate and save time while still being precise. Another
method is the combination of PCA and cluster analysis,
which helps make predictions more accurate and make
complicated data easier to understand. Fast-SAGD using
GA optimization results in improved RF and reduced CSOR
because it uses advanced methods (GAs) to modify its
operation and aims to use less steam while getting the most
out of recovery. Proxy models for optimizing SAGD use
methods like ANN and PR to save time by using quick data-
based estimates instead of running detailed computer sim-
ulations. The Smart Steam Allocation System uses live data
to make quick decisions, which helps improve the value of
an investment by 25-50 % by distributing steam more effi-
ciently; this lowers carbon emissions and makes operations
run better. HCA and PCA for steam flooding analysis find
patterns and group similar projects, helping with deci-
sion-making, and PCA makes data simpler and keeps most
of the important information, which helps with grouping
similar items better. Data Physics Modelling, specifically
the EnKF, is good for predicting the future and reducing
injection costs. Finally, the quadratic mathematical proxy
model for optimization depends on easier math models and
is less flexible in changing or different reservoir situations.
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Conclusion

This study investigates the applications of artificial intelligence in WF & EOR. The application of Al algo-
rithms improves the intelligence level of integrated analysis software. This paper provides a classification of
these uses in three main strategies of EOR: water flooding, chemical flooding, and thermal techniques. Al and
ML methods are increasingly gaining application in various sections of the petroleum industry as effective
substitute for conventional methods. The proposed intelligence-based model works as an alternative for moni-
toring the efficiency of EOR in the absence of requisite experimental data. This paper provides a comprehensive
review of practical considerations, including screening tools for selecting EOR projects, their goals, inputs,
results, evaluation, and classification, as well as the optimization algorithm used in water injection, surfactant
injection, and thermal injection. The novelty of this research is that it provides a complete study for all Al
methods in EOR from 2009 to 2024, and to achieve the optimum design, implementation, and evaluation by
references. Which facilitates the choice for engineers in future projects if the conditions of the required project
are like the conditions and case of the reservoir used in this article.

This paper explains how different ML algorithms are perfect for EOR simulations where multiple param-
eters must be considered at once because they can handle high-dimensional and multivariate data to improve
the efficiency, accuracy, and speed of reservoir management and decision-making procedures. As technology
continues to advance and more data becomes available, ML models will likely become even more integrated
into reservoir simulations, leading to even greater optimization and efficiency in EOR.

This paper introduces a strong process that can discover different ways to develop projects to reach the
desired oil recovery goals. The objective of our work is to pioneer a novel invention of new techniques, typ-
ically classified as secondary and tertiary oil recovery methods, that maintain the economic production rate.
This review focuses on ML techniques and how variables like production rate, salinity, temperature, pH, well
configuration, geological features, historical production data, reservoir characteristics (viscosity and permeabil-
ity), and operational parameters (soak time and injection timing) affect performance. Several novel procedures
remain restricted to laboratory scales and necessitate further research. To fully utilize Al in the field of EOR,
future studies should concentrate on hybrid models, real-time applications, and sustainable reservoir manage-
ment techniques. This paper aims to offer commentary on the current state of ML applications in oil recovery,
identify challenges, and suggest avenues for future research to optimize production strategies.
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