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Abstract: In recent years, Machine Learning (ML) has become a buzzword in the petroleum industry,
with numerous applications which guide engineers in better decision making. The most powerful
tool that most production development decisions rely on is reservoir simulation with applications in
multiple modeling procedures, such as individual simulation runs, history matching and production
forecast and optimization. However, all of these applications lead to considerable computational time
and computer resource-associated costs, rendering reservoir simulators as not fast and robust enough,
and thus introducing the need for more time-efficient and intelligent tools, such as ML models which
are able to adapt and provide fast and competent results that mimic the simulator’s performance
within an acceptable error margin. In a recent paper, the developed ML applications in a subsurface
reservoir simulation were reviewed, focusing on improving the speed and accuracy of individual
reservoir simulation runs and history matching. This paper consists of the second part of that study,
offering a detailed review of ML-based Production Forecast Optimization (PFO). This review can
assist engineers as a complete source for applied ML techniques in reservoir simulation since, with
the generation of large-scale data in everyday activities, ML is becoming a necessity for future and
more efficient applications.

Keywords: review; machine learning; reservoir simulation; history matching; production optimization;
production forecast

1. Introduction

The primary objective of the petroleum industry and its applications is to discover
and exploit oil and gas reserves to ensure affordable energy access, meet global energy
demands, and maximize profits. Reservoir engineers rely on subsurface reservoir sim-
ulation as a vital tool to accomplish these goals, which plays a crucial role in gaining a
comprehensive understanding of reservoir behavior, facilitating detailed analysis, and
optimizing recovery processes. Simulation is used in various planning stages, reservoir de-
velopment, and management to enhance the efficiency of extracting hydrocarbon reserves
from underground reservoirs.

As discussed in detail in Part I [1] of the present review, reservoir simulation integrates
principles from physics, mathematics, reservoir engineering, geoscience, and computer
programming to model the hydrocarbon reservoir performance under various operating
conditions. The reservoir simulator’s output, typically comprised of the spatial and tempo-
ral distribution of the pressure and phase saturation, is introduced to the simulation models
of the following physical components in the hydrocarbon production chain, including
those that produce fluids at the surface (wellbore) and process the reservoir fluids (surface
facilities), thus allowing for the complete modeling system down to the sales point [2,3].
Reservoir simulators are the mathematical tools built to accurately predict all the physical
fluid flow phenomena inside the reservoir with a reasonable error margin, thus acting as a
“digital twin” of the physical system.
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Simulators estimate the reservoir’s performance by solving the differential and alge-
braic equations derived from the integration of mass, momentum, and energy conservation
together with thermodynamic equilibrium, which describe the multiphase fluid flow in
porous media. By using numerical methods, typically finite volumes, these equations
can be solved throughout the entire reservoir model for variables with space- and time-
dependent characteristics, such as pressure, temperature, fluid saturation, etc., which are
representative of the performance of a reservoir [3].

For this task, a static and a dynamic reservoir model must be first set up. A static
reservoir model is a three-dimensional representation of a reservoir’s geological properties,
such as the porosity, permeability, and rock type. It is created using geological, well, and
seismic data together with a thorough interpretation, providing an approximate “snapshot”
of the real reservoir at a specific time [4–6]. On the other hand, a dynamic reservoir model
is a time-dependent simulation of fluid flow in the reservoir. It builds upon the static model
by incorporating production history, fluid properties, and reservoir management strategies.
The dynamic model is employed to predict reservoir behavior, optimize production, and
assess various development scenarios, such as enhanced oil recovery techniques and the
impact of drilling new wells.

To integrate the static and dynamic reservoir models, the simulator divides the reser-
voir into many cells (grid blocks), or otherwise into a large number of space and time
sections, where each cell is modeled individually (Figure 1). The simulation method as-
sumes that each reservoir cell behaves like a tank with uniform pressure, temperature and
composition of the individual phases for each specific time. During the fluid flow, each
cell communicates with all neighboring cells to exchange mass and energy. Subsurface
reservoir models can be highly complex, exhibiting high inhomogeneity, a vast variance
of the petrophysical properties, such as porosity and permeability, and peculiar shapes
capturing the structure and stratigraphy of the real reservoir.

Figure 1. Reservoir model with millions of grid blocks [7].

Typically, reservoir simulations employ black oil or compositional fluid models to
simulate the thermodynamic behavior of fluids. Black oil models are commonly used for
simple phase behavior phenomena, providing a straightforward and reasonably accurate
approach [8,9]; however, in cases of production forecasting and optimization applications,
especially for complex phenomena, such as CO2 injection for Enhanced Oil Recovery (EOR),
fully compositional simulations are necessary to monitor detailed changes in fluid com-
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position [10]. Compositional reservoir simulations involve stability and flash calculations
using an Equation of State (EoS) model to determine the number and composition of fluid
phases in each grid block. These calculations are computationally demanding, require
high-performance systems to be executed successfully and, therefore, consume a signifi-
cant portion of the simulation’s CPU time, as both problems need to be solved repeatedly
for each discretization block, at each iteration of the non-linear solver and for each time
step [11,12].

Once the reservoir model has been set up, the most computationally expensive appli-
cations of simulation, History Matching (HM) and Production Forecast and Optimization
(PFO) of future reservoir performance, can be performed. HM is the most important
step preceding the reservoir performance optimization and is widely covered in Part I of
the present review. When it comes to predicting and optimizing reservoir performance
under various production scenarios, reservoir simulation plays a vital role. It is an essen-
tial tool for production management and techno-economic planning, as these activities
heavily rely on accurate reservoir performance predictions. Forecasting entails making
predictions about future production rates and the distribution of reservoir pressure and
saturation, which rely on historical data, reservoir characteristics, and other pertinent
factors. It helps operators make informed decisions regarding resource allocation, pro-
duction planning, and investment strategies. Optimization, on the other hand, focuses
on maximizing production efficiency and profitability while minimizing costs, downtime,
and environmental impact. It involves analyzing production processes, well performance,
and reservoir behavior to identify areas for improvement. PFO techniques may include
wellbore management, enhanced oil recovery methods, production scheduling, and asset
management strategies [13].

While the aforementioned PFO applications are central to reservoir engineering, they
pose challenges in terms of their heavy computational cost. The iterative nature of the
calculations involved makes the problem under investigation computationally demanding,
becoming particularly cumbersome for extensive and detailed reservoir models, where
the increasing number of grid blocks, the diverse reservoir parameter distribution, and
the complex well operation schedules significantly prolong the calculations performed
by traditional non-linear solvers [14]. Thus, to achieve accurate forecasts and effective
optimization, oil and gas operators must devise efficient ways to deal with these types
of problems, such as Machine Learning (ML) techniques, to make decisions, optimize
production operations, and adapt to changing market conditions, ultimately maximizing
the value of oil and gas assets.

The increasing volume of data has prompted extensive research across engineering
disciplines to extract meaningful patterns and insights, since human cognition alone is
often insufficient to process and comprehend this vast amount of information [15]. In recent
years, data-driven ML techniques have gained significant traction and proven successful
in supporting field development plans. These techniques enable the development of
models that capture the essence of physical problems without the need to explicitly express
fundamental laws mathematically. Typically, these models take the form of functions or
differential equations that provide approximate and partially imprecise results, offering
fast, robust, and cost-effective solutions [16–18].

ML offers an automated methodology for constructing numerical models that can
learn and identify patterns from observed or synthetically derived data, reducing the need
for extensive human intervention and facilitating the decision-making process. ML can
help in analyzing vast and complex datasets, ranging from seismic data to production
records. By uncovering complex patterns and relationships, it significantly refines reser-
voir characterization, providing a more comprehensive and accurate representation of
subsurface conditions. This improved understanding minimizes uncertainties associated
with reservoir properties, boundaries, and heterogeneity, thus elevating the quality and
reliability of the model. Furthermore, ML’s predictive capabilities can be used to optimize
production strategies. By analyzing real-time production data and considering the complex
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interplay of variables, algorithms are able to devise optimal operational plans. This results
in maximizing recovery rates, minimizing operational costs, and optimizing production.

As presented in Part I of the present review, the most common types of ML are
Supervised Learning (SL), Unsupervised Learning (UL), and Reinforcement Learning (RL).
Furthermore, the development of an ML model consists of three primary steps. First, data is
collected into a large dataset, as its quantity impacts the model’s accuracy, which is used for
the model’s training process. Second, data preparation, including dimensionality reduction
and handling outliers or missing data, is crucial for ensuring prediction precision. Finally,
the model is trained using input variables and the desired output for supervised learning,
which are assessed on the model’s ability to effectively predict and classify previously
unseen data.

In the context of subsurface reservoir simulation, traditional simulators generate
large data ensembles offline, for various conditions, to train ML models. Unlike most ML
applications, the derived data comes from computational processes rather than experiments,
resulting in noiseless information. Once trained, the ML model serves as a ‘’digital twin”
of the reservoir, offering fast and accurate predictions about past, present, and future
performance. This allows the model to address various problems and support decision
making more efficiently [19,20].

This review discusses the approaches of ML-based reservoir simulations to provide
a wide perspective on the state-of-the-art methods currently in use for PFO applications,
as HM and individual reservoir simulation runs were extensively covered in Part I of
the present review. More specifically, the modeling of subsurface reservoirs is covered
extensively in Part I by incorporating a review of proxy models (SRMs) and ML models
that focus on CPU time-intense sub-problems while maintaining the rigorous differential
equation-solving method. The most pronounced application in this category is the handling
of the phase equilibrium problem in its black oil or compositional form which needs to be
handled numerous times during the reservoir simulation run.

In contrast to HM methods that follow a rather straightforward approach [1], ML-
based techniques for PFO offer a broad spectrum of applications. These applications
include optimizing the oil and gas cumulative or individual well production, predicting
the water breakthrough time in water-flooding scenarios, forecasting CO2 injection-related
sweeping and recovery, and identifying optimal locations for new wells to enhance the
future production.

In this part of the present review paper (Part II), the ML methods for the subsurface
reservoir simulation reviewed are categorized based on the context of the problem under
investigation and the ultimate purpose of each reviewed method. Section 2 reviews ML
methods that serve PFO applications and Section 3 concludes the present review.

2. Machine Learning Strategies for Production Forecast and Optimization Applications

A precise prediction of oil recoveries and determination of the optimal parameters
that can maximize production or Net Present Value (NPV) is crucial to establishing techno-
economic assessments for various production operations. However, obtaining precise
predictions using standard reservoir simulation packages can be very cumbersome, since
most recovery operations are governed by the high non-linearity of the flow equations
and the complex spatial distribution of the reservoir parameters (e.g., porosity, perme-
ability, saturation, etc.). Furthermore, even in cases where the underlying relationship
between oil rate and reservoir parameters can be easily established, the limited availability
of data, which is usually the case, especially for newly discovered reservoirs, imposes
an increased uncertainty on the simulations. On the other hand, when the number of
reservoir parameters is huge and much data are available, it is usually hard and impractical
to reach an optimal solution, since the models can be of very high dimensionality. Con-
sequently, building robust and precise PFO models using the available data is of major
importance to reservoir engineers since, that way, they can gain better insights about the
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reservoir performance and thus, plan optimally for any reservoir management and field
development strategies.

As Bao et al. [21] quote, “Many methods have been developed to estimate the oil production
rate in an accurate and fast manner, such as decline curve (DCA) and well test analysis, numerical
/analytical reservoir stimulation for both conventional and unconventional reservoirs, but the
challenge lies in the noise and missing data and anomalies that could happen in the field”. While
simple reservoir simulations, material balance, and a nodal analysis can be sufficient for
small production systems, large complicated systems need a more advanced approach
based on multiple simulation runs that, as already mentioned, can be extremely time-
consuming [22]. All the above constraints have inspired engineers to consider new and
novel alternatives that can mitigate the CPU time intensity of reservoir simulators to a
great extent.

The ever-growing data volume in the petroleum industry has led to the widespread
use of ML techniques, especially in PFO applications. Different ML methods are widely
used to obtain insights into various operational and design processes (i.e., CO2 injection into
the reservoir for EOR purposes or injection well spacing optimization to improve recovery,
respectively) using data obtained from the field (gauges, flow meters, etc.), sampling,
logging, or experimental procedures. These methods can be adapted to obtain hydrocarbon
predictions and optimize many reservoir- and production-related parameters, thus leading
to an effective production optimization in a fraction of the time that would otherwise be
needed using traditional reservoir simulators.

However, since data volumes have grown significantly and engineers need to deal with
large amounts of data flows, some of them containing non-useful information, screening
out those non-informative features is a crucial process in the construction of a reservoir
model using ML, aimed at enhancing the model’s predictive accuracy and preventing the
introduction of noise or overfitting (Figure 2). In the context of reservoir modeling, where
accurate predictions are paramount for efficient resource management, this process involves
a comprehensive evaluation of each feature’s contribution to the model’s performance.
Starting with an exploration of the dataset’s characteristics and distributions, techniques
such as feature importance analysis, correlation assessments, and domain knowledge
are employed. By leveraging algorithms that quantify feature importance based on their
impact on predictive accuracy, identifying correlations between features and the target
variable, and applying statistical tests, the model developer can determine the relevance of
each feature. Moreover, considering the inter-feature relationships, redundant or highly
correlated attributes are identified and streamlined. Furthermore, the collaboration with
domain experts can significantly aid in discerning irrelevant features that may not carry
meaningful geological or geophysical significance. Through this systematic approach,
non-informative features are identified, and dimensionality reduction techniques, such
as regularization and dimensionality reduction algorithms, help prioritize informative
attributes. This iterative process ensures that the reservoir model is built upon a foundation
of relevant features, leading to enhanced precision, improved generalization, and a robust
representation of the reservoir dynamics.

It should further be noted that a great number of the methods discussed in this review
are based on an existing and already history-matched reservoir model rather than directly
on field data. In such cases, the PFO operator is already aware that that uncertainty has been
compromised through history matching, and the reservoir simulator is supposed to act as
the digital twin of the real reservoir. Therefore, the incorporation of irrelevant information
to the ML models is automatically skipped as the data introduced to the machines is taken
from the physics-driven reservoir simulator.

Usually, for the application of ML models for PFO, two kinds of problems are consid-
ered. The first class is the so-called forward problem, in which ML models use reservoir and
design parameters (e.g., fixed Bottom Hole Pressures—BHPs or production rates, injection
rates and/or gas stream composition for various EOR operations, well spacing, etc.) as
inputs to predict the response of the system (e.g., future production rates or NPV). Those
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models act as direct prediction proxies for fluid production and pressure response forecasts.
The second class is the inverse design problem, where ML models predict the necessary
design parameters to obtain a desired system response (i.e., production rate) [23].
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The ML methodologies reviewed in this section are divided into seven distinct cate-
gories, namely production optimization and production forecast concerning conventional
reservoirs, production forecast for unconventional reservoirs, EOR/Sequestration projects,
heavy oil reservoirs, gas condensate reservoirs, and a few applications on flow assurance
problems. Each production forecast category is split into static/dynamic models, since
each type is developed using a different ML technique and presents a different output
(time-static and time-dependent values, respectively).

2.1. Production Optimization of Conventional Oil Reservoirs
2.1.1. Production Optimization Based on ANNs

Starting with ML production optimization applications for conventional primary and
secondary stage oil fields (i.e., non-complex reservoirs without an EOR project implemen-
tation), Koray et al. [24] developed simple Artificial Neural Network (ANN) models for
the oil recovery optimization by exploiting different field development scenarios, namely
normal depletion and water-flooding. ANNs are considered ideal candidates for such
problems, as their architecture enables the quick capture of complex relationships within
data. As depicted in Figure 3, they consist of interconnected nodes, or neurons, organized
into layers that process input data and produce output predictions. This architecture excels
in recognizing patterns, especially in cases where the relationships between input variables
and desired outputs are nonlinear. For simple optimization tasks, ANNs can efficiently
learn from historical production data and identify optimal combinations of operational
parameters to achieve specific production goals. The authors used well locations, injection
rates, production/injection BHPs, and water cuts of each development scenario as input to
forecast the cumulative oil production for 15 years. By applying various test scenarios to
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the trained ANN, it was concluded that the water-flooding development strategy was the
one that maximized oil production.
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Zangl et al. [25] and Andersen [26] developed a similar approach by coupling a
Genetic Algorithm (GA) with ANNs to achieve production optimization while reducing
the computational time required by only running a limited amount of simulations. More
specifically, Zangl et al. [25] trained the ANN using information about the wellhead pressure
and temperature, choke size, and BHP as input and oil production as output, as obtained
from simulation realizations, whereas Andersen [26] used production and injection well
rates as input and total oil production as output. That way, as flow rates are regulated,
different cumulative production values can be gained. Once the models are trained and
validated, their output is used as a very close approximation to the simulator’s output and,
that way, the GA is then employed to perform the optimization.

Although there exist many mathematical algorithms and optimization tools that
are usually employed to determine the optimal number and placement of production
wells [27,28], Centilmen et al. [29] moved into the ML field and built an ANN, focusing
on the well placement that achieves the optimum production. The authors used two
input options, one stationary (well locations) and one input related to the problem under
investigation (the distance between two wells, production time, etc.) to determine each
well’s production (output). The model, after being trained and validated, was used to
optimize the location for the new wells that must be drilled. Doraisamy et al. [30] further
improved Centilmen et al.’s work by coupling soft and hard computing methodologies to
efficiently determine the optimum well placement while exploiting the processing power
of back-propagation and recurrent networks and the precise description of the related
physics, respectively. To achieve that, the authors trained the ANN using available real
data from the oil field and data generated numerically by a simulator (coordinates of the
existing, training and new wells, distances between the new and the existing wells, etc.)
to determine the oil rate of each well configuration. Min et al. [31] developed an ANN
embodying the productivity potential to determine the optimum new well placement
that maximizes the total production. The authors introduced the productivity potential
to decrease the input dataset size, since it indirectly contains many reservoir parameters
(e.g., porosity, permeability) that otherwise should have been introduced individually.
Thus, the model’s input consisted of time-related parameters, the wells’ distances, and the
productivity potential to produce the output that is the cumulative production.

Among all secondary production schemes, water-flooding is the most commonly
used one, since it is a relatively easy-to-implement process with better economics than gas
injection and can effectively assist oil production. Teixeira et al. [32] developed two ANN
models of varying configurations to uncover the relation between total oil production
(output) and control parameters (input) for the optimization of the production strategy of a
reservoir under water-flooding. The authors used water injection rates, oil production rates,
and BHPs as input to predict the optimum future oil production. The proposed models
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were shown to perform satisfactorily; however, the results exhibited a noisy behavior in
both models that could disturb the optimization process.

All of the above ANN-based techniques exhibit high efficiency in optimizing pro-
duction since the quality of the predicted solutions is comparable to the performance of
the original reservoir simulator when utilized to exhaustively optimize the production.
Furthermore, the use of those models leads to a great decrease in the total CPU time,
proving that the developed approaches can help solve optimization problems and increase
the economic benefits of an oil field.

2.1.2. Production Optimization Based on Other Methods Other Than ANNs

Besides ANNs, many alternative ML methods have also been developed to effectively
assist production optimization, such as Extreme Gradient Boosting (XGB), which is an
ensemble learning algorithm (designed for both classification and regression tasks) that
consists of a collection of Decision Trees (DTs) and falls under the category of gradient
boosting methods. XGB operates through an iterative procedure (Figure 4) that transforms
a training dataset into a predictive model. It starts by initializing the prediction with
a constant value, typically the mean of the target variable. Then, it constructs a DT
using the training dataset, aiming to minimize the gradient of the loss function. This
tree captures patterns in the data and predicts residuals—differences between the actual
and predicted values. The predictions from this tree are then multiplied by a small learning
rate, representing the step size towards the optimal prediction. The residuals are updated
using the multiplied predictions. This process iterates, with each new tree learning from
the residuals left by previous trees. Finally, the predictions from all the trees are combined
by summing them up, resulting in the final prediction. This sequential aggregation of
predictions and residuals forms the basis of XGB’s ensemble algorithm, which efficiently
captures complex relationships in data while ensuring high predictive accuracy.
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Chai et al. [34] developed such an ML model, along with an ANN as well as a simpler
MultiVariate Regression (MVR) model for comparison reasons, to optimize injection and
production rates (output) and, therefore, optimize the development strategy of the field.
First, a conventional simulator was utilized to run several production schemes and to
obtain a training dataset consisting of heterogeneous porosity and permeability fields and
BHPs as input and injection and production rates as output, to train the selected ML models.
The Karhunen–Lo’eve expansion method was utilized to reduce the parameter space and,
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thus, reduce the complexity of the model. The results showed that both the XGB and
ANN presented quite high and invariable accuracy when compared to the MVR method,
even for the case of relatively small datasets, although the ANN presented a superior
performance when larger datasets were considered. After the models were trained and
tested, the well controls (BHPs for both injection and production wells) were optimized
using three search-based algorithms, Particle Swarm Optimization (PSO) [35], GA, and a
combination of these two, called Genetical Swarm Optimization (GSO) [36]. The main idea
was that these methods provide a quick and agile solution to the optimization problem
and the model can provide fast results based on the given input parameters. The results
showed that GA and GSO generated better results when compared to PSO.

Guo et al. [37] developed one of the first Least Square Support Vector Regression
(LSSVR) models to identify the optimum well controls (i.e., well operating conditions) that
maximize the NPV and, thus, optimize the field’s production. LSSVR is an extension of the
Support Vector Machine (SVM) algorithm, tailored to regression scenarios, and uses support
vectors that seek to find a regression function that can accurately predict target values based
on input features. To handle nonlinear relationships, LSSVR employs kernel functions to
implicitly transform data into a higher-dimensional space, allowing the algorithm to capture
intricate patterns in the data. Guo et al. [37] run conventional reservoir simulations, the
number of which is selected with the help of the Latin Hypercube (LH) sampling method
in order to build the training dataset for the LSSVR model, which consists of various well
operating conditions (water injection rate for injectors; BHPs for producers) as input and
NPV values as output. After the dataset is generated, the forward LSSVR model is used for
optimization in conjunction with a steepest-ascent algorithm. The results were compared
with the ones of the Stochastic Simplex Approximate Gradient (StoSAG) optimization
algorithm [38] and conventional simulations, showing that the total computational cost
is substantially reduced and, most importantly, the model’s performance presents very
similar results to the CPU time-expensive StoSAG algorithm and the simulator.

Al-Lawati et al. [39] developed an unsupervised ML method to optimize gas produc-
tion by determining the most favorable production parameter setup. The unsupervised
model was developed to identify well clusters with comparable production profiles, which
are then utilized to determine the actions that must be taken (drilling, choke size, etc.) to
obtain optimal production. The model was trained using the daily gas production, drilling
and completion data, and other well control data (e.g., choke size). One of the advantages
of the proposed procedure is that the model can be adapted accordingly to be used as an
optimization approach for many applications, such as budget handling or emissions control.
Shirangi [40] developed unsupervised fast NPV models using ANNs or Support Vector
Regression (SVR) and trained with well controls as input to predict NPV values, which
are then optimized using a pattern search algorithm. Before the models’ development, the
authors performed a kernel clustering technique to select the minimum set of conventional
simulation runs required to best represent the uncertainty of the whole set. Since the quality
of an ML model depends highly on the quality of the training dataset, once the models
were trained, the authors added new training data points close to the optimum value to
train a new model. The procedure (getting improved optimum and enhancing the training
population) is repeated until the desired error margin is reached. Both models provided
significant computational time reduction and accurate results.

Finally, Gu et al. [41] developed an XGB model to predict the water cut (output) of
producing water-flooded wells, trained with dynamic production data (e.g., water injection,
delivery capacity, liquid production, etc.) as input. The input was preprocessed using
the Spearman rank correlation analysis [42], which determines the correlation between
two parameters, and, in the present case, the correlation between water cut and dynamic
attributes. After the model is trained and tested, a differential evolution algorithm is utilized
for the optimization of the injection-production strategy by minimizing the obtained water
cut. The results showed a significantly improved water-flooding process.
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2.2. Production Forecasting of Conventional Reservoirs

Forecasting oil production and production economic-related parameters (e.g., NPV)
equips oil and gas operators with a rigorous plan to reduce risks that might alternatively
affect operational and financial decisions. The task of conducting trustworthy production
predictions can be burdensome and extremely time-consuming [43], especially when nu-
merical simulators demand a thorough reservoir static and dynamic description. Reservoir
simulation demands certainty related to input data, validated through HM, which is a
time-consuming approach that does not always guarantee uncertainty reduction. Further-
more, all readily available empirical correlations that calculate oil production volumes are
developed using field data and, thus, they cannot be adapted and used to every reservoir
around the world due to their varying complexity and heterogeneity [44].

ML methods, mostly ANNs, are widely utilized for production prediction purposes
since they can provide fast and robust models that tend to overcome the drawbacks of
conventional numerical simulators. Production prediction ML-based techniques can be
roughly divided into two groups (Figure 5). The first is based on building ML models that
predict reservoir properties and behavior based on the current state of the reservoir without
considering temporal changes. It provides a snapshot of the reservoir at a specific moment,
which is useful for analyzing static scenarios or short-term predictions. The training proce-
dure for a static model involves using a dataset that captures various reservoir parameters
at a particular time. The model learns the relationships between these parameters and the
target variable, such as production rates or pressure, without accounting for historical data
or temporal trends. The trained model can then predict reservoir outcomes based solely on
the current input parameters.

The second group, on the other hand, accounts for the temporal evolution of reservoir
behavior. It considers how reservoir properties change over time and how different stages
influence each other. Dynamic models use time series data to capture historical patterns,
making them suitable for long-term predictions and understanding reservoir dynamics.
The training procedure for a dynamic model involves creating a dataset that incorporates
time sequences of various reservoir parameters and corresponding outcomes. Techniques
such as Recurrent Neural Networks (RNNs) or Time Series models are commonly used to
handle the temporal dependencies. These models learn to predict future reservoir behavior
by considering historical data points and their sequential relationships and are very efficient
in predicting future time series values governed by nonlinear dynamics without the need
to include the effects of any reservoir physical process, hence requiring significantly fewer
input data [45].

Although both groups aim at predicting time-related data, the terms “static” and
“dynamic models” are used respectively to distinguish between those predicting distinct
characteristic values or time series.

2.2.1. Static Machine Learning Models

For the first category, Gharbi et al. [46] were among the first to develop an ANN to
forecast the oil recovery at breakthrough for an immiscible water displacement process.
The authors trained a simple ANN model using five dimensionless scaling parameters
as input (mobility ratio, capillary to viscous forces ratio, gravitational to viscous forces
ratio, length–thickness aspect ratio, and dip angle number) and oil recovery as output.
Their work can be thought of as a generalization of the Buckley–Leverett theory using ML.
Weiss et al. [47] developed an ANN model to forecast oil production for a water-flooding
operation, with the help of the Fuzzy ranking method [48] that is utilized to determine
the ANN input parameters (unitized area, permeability, water–oil ratio, porosity, initial
BHP, and Gas to Oil Ratio—GOR). Cao et al. [49] also developed an ANN model using
production-related data, to forecast the future production of existing wells, as well as of
new wells by taking advantage of the production history of neighboring wells sharing
similar characteristics, geological maps, pressure data, and operational constraints. In
Fan et al. [50], ANN models were successfully built to forecast production using static
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reservoir parameters (porosity and thickness), water saturation, and well drainage areas.
Simple ANN models were also developed by Elmabrouk et al. [51] and Sun et al. [52] to
provide oil production forecasts, using real historical production data. The results of the
above simple ANN-based models showed that they could accurately predict future oil
production since they presented comparable results to conventional simulators in a fraction
of the time that it would otherwise be required.
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Apart from ANNs, many other methods can be used for production prediction pur-
poses, such as Random Forests (RFs) and Gradient Boosting Regressors (GBRs). RF is a
highly effective ensemble ML method used for both classification and regression tasks.
It functions by combining the predictions of multiple individual DTs to achieve higher
accuracy and generalization, as can be observed in Figure 6. Each tree is trained on a
different subset of the data, introducing variability and reducing the risk of overfitting.
During training, subsets of the data are randomly selected with replacement through a
process called bootstrapping. Additionally, a random subset of features is chosen for each
tree to enhance diversity among them. Each DT is trained to predict the target variable
based on its associated input features. During prediction, each tree generates its output,
and the final prediction is determined through a majority vote (for classification) or an
average (for regression).
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RFs and GBRs are both ensemble ML algorithms used for regression tasks, sharing
the goal of improving predictive accuracy by combining multiple learners. However, they
differ in their approach and characteristics. RFs aggregate predictions from individual
decision trees in parallel, using bootstrapped subsets of data and random feature sampling
to enhance diversity. GBRs, on the other hand, build an ensemble sequentially by focusing
on minimizing residuals of previous learners, allowing each new learner to correct the
weaknesses of the previous ones. This sequential nature may lead to slower training but
often results in higher accuracy [54]. Ultimately, the choice between them depends on the
problem’s complexity, available resources, and the trade-off between training time and
predictive performance.

Chahar et al. [44] developed such models (RFs and GBRs), as well as an ANN model,
to forecast oil production using production data, with the ANN and RF models presenting
the best performance. Furthermore, the authors claim that those models can be trained
with any dataset to assist production predictions. Martyushev et al. [55] tried to assess
the RF method and evaluate whether it can effectively predict reservoir pressures for
an oil field development when compared with statistical models, using the dynamics of
indicators describing the wells’ operation and values calculated using hydrodynamic stud-
ies. Their results showed that the RF method presents a severely improved performance
in comparison with a linear regression method, as far as the prediction accuracy is con-
cerned. Han et al. [56] developed an SVM model coupled with a PSO algorithm to make
predictions about the oil recovery factor using static and dynamic data, as well as fluid
properties and well spacing density data, for a reservoir with low permeability. The coupled
SVM-PSO model exhibited improved accuracy, compared to a classic back-propagation
ANN-PSO model.

Focusing on the parameters’ dimensionality reduction for more complex reservoir
models, several methods have been proposed, such as that by Zhu et al. [57], who were the
first to develop an encoder–decoder Convolutional Neural Network (CNN); the methods
are extensively described in Part I of the present review, and include an image-to-image
regression problem to predict single-phase flow velocity and pressure fields using per-
meability maps (images) as input. Thus, the encoder–decoder model is built in a way
so as to efficiently apprehend the complicated high-dimensional input field without em-
ploying any other dimensionality reduction techniques. This way, the encoder extracts
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multi-dimensional features from the input, which are then utilized by the decoder to re-
construct the output fields. Furthermore, the authors proposed a Bayesian approach to the
encoder–decoder CNN model, since Bayesian networks can determine uncertainty esti-
mates for the predictions, especially when small training datasets are used. Subsequently,
Stein’s variational gradient descent algorithm [58] is used to approximate the Bayesian
inference on many uncertain variables. This is a nonparametric variational inference algo-
rithm that combines the benefits of variational inference, Monte Carlo, quasi-Monte Carlo,
and gradient-based optimization methods, accomplishing great accuracy performance
and uncertainty quantification, as compared with other Bayesian methods, even for small
training sets. The proposed model’s efficiency was shown to be very good, implying that
Bayesian models can be robust proxies for modeling and uncertainty quantification in
high-dimensional problems, as well as in problems with small training datasets.

Cornelio et al. [59] suggested using encoder–decoder CNN networks to pass on
common features in a dataset related to a mature unconventional field to allow a production
forecast in a new unconventional one that lacks important data that are necessary for
production predictions or any other field development calculations. The authors used
simulation data from two fields, the Bakken (mature with many available data) and the
Eagle Ford Shale (new with fewer available historical data). The former known field
was used to produce the training dataset (formation and completion parameter range
as input and corresponding production as output) for the model to allow the learning
transfer to occur for the production forecast of the latter unknown field when new data
are inserted. The primary goal of the study was to utilize the model’s learning mechanism,
developed from the known field, to find, extrapolate, and share all important features to
create production predictive models for the unknown one. The results showed that when
the model was trained with a relatively large dataset from the known field, it could make
trustworthy forecasts for wells found in that field; however, the same model could not
generate good results for a well in the unknown field. Nevertheless, when the extrapolated
features of the trained model were combined with a trained model of the unknown field,
the results showed that the prediction efficiency presented a considerable improvement.

Illarionov E. et al. [60] presented a unified approach to reservoir simulation and HM
by using a single encoder–decoder ANN with commonly used gradient-based optimization
methods for both processes. The authors used the geological parameters of a 3D reservoir
model as input to the model and production rate predictions as output. The encoder
is utilized to transform the reservoir dynamics into a latent vector space (compressed
representation of only significant features), and the decoder is used to reconstruct them into
a reservoir grid. Zhang et al. [61] developed a similar study, without the HM process, with
a dense encoder–decoder network using permeability and relative permeability data as
inputs to make predictions about field pressures, well rates, and fluid saturation during a
water-flooding process. Tang et al. [62] developed a Deep Learning (DL) Recurrent Neural
Network (RNN) CNN model for prediction and HM purposes, respectively, in channelized
geological models. The prediction model’s training was performed using pressure and
saturation maps as input and production predictions as output, obtained by the simulation
results of fluid flow in a 2D channelized system. After training and testing, the RNN’s
results were utilized to match the complex channelized reservoir system using a CNN with
the Principal Component Analysis (PCA) parameterization method.

PCA can be a valuable parameterization method in the context of ML for subsurface
reservoir simulations, where datasets can be high-dimensional and complex. One of its
benefits is its ability to reduce the dimensionality of the input data while retaining much of
its important variability. By transforming the original features into a new set of uncorrelated
variables (Figure 7), or principal components, PCA can significantly simplify the dataset.
This dimensionality reduction not only helps alleviate dimensionality-related issues leading
to improved computational efficiency, but it also aids in visualizing and interpreting the
data. Furthermore, PCA’s capability to identify the most informative features allows for
more focused modeling and potentially enhanced generalization performance.
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All of the above ML models coupled with dimensionality reduction techniques present
very accurate prediction results, while also maintaining a smaller computational cost when
compared to the conventional simulators, or even to simple ML models that take into
account a fully dimensional database. It must be noted that the biggest contribution of
these techniques is towards complex reservoir systems where the number of parameters
can be extremely high, while also presenting large distribution variations from one field
location to the other (e.g., porosity and permeability). In those cases, the dimensionality
reduction can significantly reduce the time that would otherwise be required since the
prediction calculations are executed much faster.

Considering a more sophisticated approach, Zhong et al. [63] developed an ML model
using a conditional convolutional Generative Adversarial Network (GAN), which is also
described extensively in Part I of the present review that predicts the water saturation of a
water-flooded heterogeneous reservoir to obtain the reservoir fluid production rate from
material balance calculations. The authors used the permeability distribution information as
input and the water saturation as output. The main advantage of the proposed methodology
is that it can be used to estimate water and oil saturation distributions concurrently, enabling
fast calculations of water and oil production rates efficiently.

Wang et al. [64] developed a not-so-used DL network, the Theory-guided Neural Net-
work (TgNN) to forecast future reservoir responses. This is a supervised ML method since
the network is trained using simulation data and, at the same time, it is directed by theory
(e.g., governing equations, physical or engineering controls and constraints, sensors, etc.)
related to the problem under investigation (Figure 8). Engineering controls and constraints
are included since they are vital for a more precise prediction of the system’s response,
which may not be sufficiently described only by physical laws corresponding to the prob-
lem under investigation. The main benefit of TgNNs is that they can make predictions
with higher precision, compared to the classic DL ANNs, since they can generate more
physically reasonable predictions and can generalize to problems beyond the ones covered
by the existing training dataset. The authors tested the trained model with more complex
scenarios (e.g., using data with noise or with outliers, using more sparse data, various
engineering controls, etc.). One interesting scenario was one where monitors or sensors
were set out of order, a case where unreasonable data may emerge. They performed this
scenario by considering those data as outliers in three different cases, 5%, 7%, and 10%, for
two different prediction steps, 30 and 50, respectively. As outliers increased, the model’s
precision became worse, particularly in the smaller prediction step. Nonetheless, as the
simulation proceeded, the impact of outliers was decreased by the integrated sensor knowl-
edge in the model. Overall, the results demonstrated that the proposed model has superior
predictability, as it can forecast future responses more easily, and is more generalized than
DL models since it contains the theory aspects.
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2.2.2. Dynamic Machine Learning Models

Classic ANNs and their variations are broadly adopted for production prediction
purposes; however, they are not suitable for predicting production in a time-series way,
since they cannot save information about past time. For that reason, various types of RNNs,
usually Long Short-Term Memory (LSTM) ones as they can capture nonlinear features from
an input dataset, are widely used to make such predictions, since each neural contains a
loop that saves previous information to be used in a later stage. That way, information can
be passed back and forth freely, enabling production predictions to consider time as an
influential factor [65].

The architecture of an LSTM includes recurrent connections with specialized gat-
ing mechanisms that allow them to store and retrieve information over long sequences.
This overcomes the vanishing gradient problem, a limitation of traditional recurrent
networks, by preserving information for extended periods. Each LSTM cell contains
three gates—input gate, forget gate, and output gate—that regulate the flow of information,
as can be observed in Figure 9. The input gate decides which new information is important
and should be added to the cell’s memory. The forget gate helps the cell determine what
old information to keep and what to forget; lastly, the output gate combines the cell’s
current memory with the input data to produce the output. These gates work together to
manage the flow of information, allowing LSTMs to capture patterns in data sequences
and remember important details over long periods, which is especially useful for tasks
involving time series data such as language processing or predicting reservoir behavior.
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Li et al. [67] developed a CNN model coupled with an LSTM model for time-series
production prediction purposes, optimized by a PSO algorithm. That way, the important
temporal production-related parameters are extracted with the CNN and are inserted
into the LSTM model to obtain the corresponding features in a time-series manner. The
key hyperparameters in the CNN-LSTM model are optimized with the PSO algorithm
to optimally construct the model for efficient production predictions. In a similar study
involving data dimensionality reductions, Liu et al. [45] used an ensemble Empirical-
Mode Decomposition (EMD) technique [68] to build an LSTM model, and, later in another
study [69], a Mean Decrease Impurity (MDI) technique [70] to develop an LSTM model
that provided a time-series production forecast. In the first study, the EMD technique
is incorporated to break down non-stationary and nonlinear production time series into
orthogonal components of simple time series. First, the initial dataset, consisting of the
past oil production series, is divided into a training and a testing one. Then, the test data
are slowly incorporated into the training data which are decomposed using the EMD
technique to generate numerous intrinsic mode functions, the stability is assessed by the
means, and the curve similarity is computed using the dynamic time warping method [71].
After that, the stable functions are chosen as inputs for the LSTM model. Furthermore, the
model’s hyperparameters are optimized using a GA. In the second study, the MDI is used
to determine each parameter’s average impurity reduction, which is used as an indicator
for the parameter selection. The more independent the production is from a parameter, the
smaller is the impurity reduction value. That way, the parameters that do not significantly
affect the production are eliminated, keeping only the important ones, which, in this case,
are a total of 14 parameters (e.g., recoverable reserves, wellhead pressure, water cut, water
injection rate, production time, etc.). Then, those parameters were introduced to the model
to predict future production.

In addition, Wang et al. [55] developed a simple LSTM model to forecast oil production
in a time series way from past oil production data, including the oil production index over
time. Furthermore, Song et al. [72] and Huang et al. [73] also developed LSTM models,
identifying the relationship between past oil rate sequential data with future production
rates. Fan et al. [74] proposed an integrated approach using an Autoregressive Integrated
Moving Average (ARIMA) [75] and an LSTM model together with Daily Production time
series (ARIMA-LSTM-DP) to develop robust models for predicting future production.
This specific approach is chosen since ARIMA is an effective statistical analysis model for
stationary time series forecasting and the LSTM model is considered a reliable approach
since it can capture nonlinear fluctuations in the training dataset, which can be created
because of the wells’ shut-in operations. Although many engineers tend to ignore shut-in
data and perform the forecasting without them, the shut-in duration is usually crucial since
it can pinpoint the extent of the formation pressure recovery that has a great effect on future
production. Therefore, since the shut-in operations can generate nonlinear fluctuations on
the production curves, the daily production time series should be taken into consideration
for the LSTM model to make accurate production forecasts. The procedure is as follows:
an original training dataset from real field production data is generated and the ARIMA
statistical model is employed to extract the linear production time series and return the
residuals (nonlinear), which, together with the daily production time series, consist of the
final input dataset for the LSTM model. Then, the LSTM model is used to make non-linear
predictions. The results of the proposed approach showed that the ARIMA model alone
presents a good accuracy only for the linear production decline curves, while the LSTM
model demonstrates more accurate results for the nonlinear. Finally, the integrated ARIMA-
LSTM-DP model presents the best predictions. Finally, Sagheer et al. [76] built a deep LSTM
model, together with a GA that optimized its architecture, to make predictions about the
production performance from past raw production data. Before the model’s training, the
authors performed a data pre-processing procedure to mitigate the effect of noise.

Bao et al. [21] developed an RNN model for the water-flooded reservoir characteriza-
tion and production prediction purposes. The model was created to identify the underlying



Energies 2023, 16, 6727 17 of 53

relationship between several control parameters, such as the water injection rate and BHPs
(input), and the desired production, such as production rate, water cut, and breakthrough
time (output). The breakthrough time is represented in a range between 0 and 1, with the
latter indicating the breakthrough. The authors examined two types of RNN models, a
cascaded LSTM (an updated version of LSTMs), and an Ensemble Kalman Filter (EnKF)
enhanced LSTM. The former is built based on two sequential models, one model that
predicts the breakthrough time, whose output is fed to the second model that, together
with the other parameters, predicts the oil production. LSTM networks usually have a
large number of hyperparameters that must be tuned to obtain the optimum results. For
that reason, a Bayesian optimization method is used for that purpose, since it performs
faster and more accurately. The results have a good accuracy; however, they present an
abrupt jump close to the breakthrough time of one well, indicating that it might have a
bigger effect on the other wells, something that can potentially be fixed with more training
data. Then, the EnKF is used to the previous LSTM model to perform a history matching
with real-time production data, enabling the model to be constantly updated based on new
observations. The results showed that the EnKF improved the results; however, the EnKF
presented overfitting problems.

The results showed that all aforementioned LSTM models, with or without data
dimensionality reduction techniques, and employed to further improve the production
prediction accuracy, present very good results, even for more complex input data, while
also retaining a fast prediction performance.

He et al. [77] developed ANN models to forecast oil well performance that were
trained using the production history of each well, as well as their spacing and other time-
series data. After the model is trained, it is capable of forecasting future oil production,
without the need for reservoir data. The results showed that the model is very efficient
in predicting future performance. Ahmadi et al. [78] used Fuzzy logic, simple ANNs,
and ANNs coupled with the Imperialist Competitive Algorithm (ICA) [79], and Berneti
et al. [80] used only a simple ANN with the ICA to make future oil rate predictions based
on data collected using flow meters (i.e., temperature and pressure values) as input and oil
flow rates as output. The ICA-ANN model was shown to present the best performance.
In addition, Zhang et al. [81] developed Multivariate Time Series (MTS) analysis [82] and
Vector Auto-Regressive (VAR) [83] models to predict oil production for water-flooded
reservoirs. MTS is used to determine the interactions for a group of time series parameters.
When historical production data are considered as the input to a model, it usually presents
dependencies with other parameters as well, such as the water injection in one or multiple
injectors. More specifically, for water-flooded reservoirs, it is usually troublesome to
identify data relationships among injectors and producers, thus MTS should be used for a
better forecasting capability. VAR, on the other hand, is a forecasting algorithm utilized
mostly when the relationship between the different time series is bi-directional, which is
usually the case when many injectors and producers operate at the same time. Thus, the
authors first implemented an MTS analysis to optimize the injection and production time
series data; i.e., medium or higher correlations between the flow rate of a producer and at
least one injector are identified. That way, the VAR model can efficiently mine the flow rate
relationship among an injector/producer pair. The results show that the proposed models
are very accurate and can efficiently determine each injection well’s effect on production,
providing a useful guide to engineers for a water-flooding development plan.

Another more complex type of ANN is Higher Order Neural Networks (HONNs) [84],
which can handle nonlinear relationships and higher-level interactions between input
variables. They do this by incorporating polynomial activation functions and extending
the number of layers, which allows the network to model more complex data patterns. In
a traditional ANN, the relationship between input and output is typically defined by a
weighted sum of the inputs that are passed through an activation function. However, in
a HONN, the weighted sum is replaced by a weighted sum of products of inputs. This
allows HONNs to model interactions between inputs explicitly and to learn more complex
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decision boundaries. For example, a second-order neural network can model interactions
between pairs of input features, a third-order network can model interactions between
triples of features, and so forth. The higher the order of the network, the more complex are
the interactions it can model.

As such, Chakra et al. [85] applied a complex network to forecast production for
an oil field with limited data, along with a low-pass filter data-processing procedure to
reduce the noise and Auto-Correlation and Cross-Correlation Functions (ACF and CCF)
to determine the optimal input parameters. These statistical functions can determine the
relationships among the input parameters. The authors examined two cases, one with only
oil production data where the ACF function was used and one with water, oil, and gas
production data where the CCF function was used, since it can find correlation among one
or more time series data more efficiently. Although there was limited availability of input
parameters, both models performed efficiently, showing that HONN models can be trained
even with fewer input data. Prasetyo et al. [86] used the same concept and developed an
EMD back-propagation HONN for fields with less available data, successfully making
predictions on production using historical time series production data.

Furthermore, the application of pattern recognition methods to production forecasts,
such as the studies by López-Yáñez et al. [87,88], has gained more popularity. More
specifically, the authors used ANN and Gamma regression [89] models (pattern recognition),
trained with static and dynamic parameters (water, oil, and gas production; BHPs) to
forecast future oil production in a time-series manner. Gamma regression algorithms are
SL algorithms designed to predict continuous numerical values and are particularly useful
when the errors in prediction have varying impacts on the outcome, and a flexible approach
to modeling these errors is required. The architecture involves incorporating a gamma
distribution to model the heteroscedasticity of the errors, meaning that the variability of
the errors changes across the range of predicted values. This distribution captures the
varying uncertainty in different regions of the data. During training, the model estimates
the parameters of the gamma distribution by optimizing a likelihood function that captures
the relationship between the predicted values and the actual outcomes. The result is a
regression model that can more accurately represent the changing uncertainties in the
predictions, making it suitable for situations where accurate quantification of prediction
errors is essential or any scenario where the variability of prediction errors is not constant
across the data space.

The results of López-Yáñez et al. [87,88] showed that the proposed Gamma classifier
model exhibits an efficient performance. These models present very good forecasting
results for short-term periods (maximum one year); however, they exhibited difficulties
when longer forecasting periods were examined. To account for that, Aizenberg et al. [90]
extended the above studies and developed a Multilayer Neural Network with Multi-Valued
Neurons (MLMVN) [91], which is a derivative-free backpropagation complex ANN, to
examine long-term oil forecasting faster using real data that describe the dynamic behavior
of the field (e.g., past monthly oil production from several wells), without taking into
consideration the reservoir characteristics. MLMVNs employ neurons that can take on
multiple discrete values, offering a more nuanced representation of information. This ability
to have multi-valued activations allows MLMVNs to capture complex relationships in data
more effectively, especially in tasks where finer distinctions are necessary. Therefore, as the
authors note, the main benefit of this approach is that it enables local variation predictions
instead of smooth curve ones as conventional methods, since the latter can discard usable
data points resulting in incorrect predictions. The proposed models presented good results
for a long-term oil production forecast, since they can perform long-term predictions for up
to 10–15 years.
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2.3. Machine Learning Methods for PFO Applications in Unconventional Reservoirs
2.3.1. Static Machine Learning Models

In recent years, researchers have agreed that it is not always feasible to determine esti-
mates about hydrocarbons-in-place or future production performance for unconventional
reservoirs (tight or fractured ones) by using traditional methods, since simple mathemat-
ical models cannot adequately describe the complexity of such systems. Therefore, ML
approaches have been widely used in forecasting oil recovery and NPVs for hydraulic
fracture schemes or tight reservoirs since they can assist in effectively making better and
faster management decisions [92].

ML methods, more specifically, ANNs, have been used in many hydraulic fracturing
applications, such as the selection of the candidate hydraulic-fractured wells that maximize
gas production by Yu et al. [93] who used ANNs, GA-based Fuzzy Neural Networks
(FNNs), and SVMs. They produced several realizations using traditional simulators to
obtain the training sets comprising of parameters that affect the post-fracture system
response (acoustic travel time, gas saturation, proppant concertation, etc.) as input and the
system’s response, i.e., gas production as the output. The FNN-GA model was shown to
be the most accurate. In addition, Oberwinkler et al. [94] tried to optimize the production
in hydraulic-fractured reservoirs using an ANN model coupled with a GA to optimize
the production after a fracture treatment. The ANN is trained using the proppant type,
volume, and mass, as well as net pay thickness as inputs, and was shown to efficiently
identify the underlying relationship between them and the corresponding cumulative
production after one year of fracture treatment. Clar et al. [95] coupled an ANN model with
a bootstrap re-sampling method to evaluate the production performance for fractured wells.
They created a training data ensemble comprising of reservoir, hydraulic fracture, and
production parameter values to train the model. Before the model’s training, the authors
applied a cross-validation method to determine the most optimal model. After training,
the bootstrap algorithm was used to examine the model’s uncertainty. The parameters
that were observed to have an important impact on production are lateral length, true
vertical depth, porosity, and fracture fluid intensity. Therefore, the coupled model provided
a clear picture of which outputs were statistically more important, facilitating a better
interpretation of the results. In addition, Carpenter C. [96] also developed a DL ANN to
determine the underlying relationship between geology and the average estimated ultimate
recovery for hydraulically fractured horizontal wells in tight reservoirs. The model was
trained and evaluated using geological (thickness, porosity, water saturation, etc.) and
production data. The results showed that the ultimate recovery predictions are imperfect;
however, they are still about twice as precise as traditional methods. One of the reasons for
that is the lack of fracture-related information, since that can significantly affect recovery.

Ockree et al. [97] developed three RF models to predict water, oil, and gas production,
respectively, for a hydraulic-fractured reservoir. Since the production of the three reservoir
fluids (water, oil, and gas) may be affected by different parameters, all fluids were mod-
eled separately. The authors included a data pre-processing procedure using the Robust
Mahalanobis statistical multivariate approach [98] to remove any outliers and incorrect
data and ensure better predictions. Moreover, they removed several highly correlated
parameters using a heat map of parameter correlations (known as the attribute correlation
matrix). The final training input dataset, consisting of geology-related data (e.g., reservoir
pressure, net pay, etc.), well spacing data (e.g., drainage per stage) and completion data
(e.g., proppant per fluid ratio, stage spacing, etc.), was used for the application of the
bootstrapping method, which created a thousand randomly selected replicate datasets to
train a corresponding amount of DTs. When the training and testing are completed, the
best model is selected by comparing the predicted production with real production values.

In addition to the ensemble methods mentioned in the precious sections, there is
also the Adaptive Boosting (AdaBoost) method, which is a popular ensemble ML method.
For regression cases, AdaBoost Regressor aims to build a robust predictive model by
combining multiple weak learners into a strong ensemble (Figure 10). Its architecture
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involves iteratively fitting weak learners to the data, with each subsequent learner focusing
on the instances that the previous ones struggled to predict accurately. The training
process assigns varying weights to training instances, giving more importance to those with
higher prediction errors. In each iteration, the algorithm adjusts the weights based on the
errors made by the previous weak learners. The final prediction is a weighted sum of the
individual learners’ predictions, where the weights are determined by their performance.
AdaBoost adapts to the complexity of the data by giving more weight to instances that are
challenging to predict, allowing it to excel in situations where the relationship between
features and target values is non-linear or intricate.
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Xue et al. [100] developed tree-based ensemble regression models (Polynomial re-
gression, DTs, RFs, AdaBoost, and XGB) to optimize a completion development with the
ultimate goal of improving the cumulative oil recovery for hydraulic-fractured reservoirs.
First, the authors used the LH sampling method to randomly generate parameter samples.
Then, they performed simulation runs using the results of an experimental design, obtain-
ing the training dataset that consisted of well spacing, injection rate, stage and perforation
spacing, pump rate, and fracture treatment quantity as input variables. After training
and testing the models, they can be utilized to make predictions. The proposed approach
provided high-speed predictions. The main advantage of this methodology is that it can be
utilized to examine economic aspects for future completion scenarios and to improve the
wells’ productivity. One of the drawbacks of this research is that the authors used a limited
number of training samples for the proxies to decrease the number of simulations required,
endangering the credibility of the models.

In another study, Wang et al. [101] created four ML models using ANNs, RFs, Ad-
aBoost, and SVMs, for comparison reasons, to predict a well’s cumulative production
for the first year. The training dataset consisted of well information (e.g., well locations,
true vertical depth, well lateral length, wellbore direction) and stimulation information
(e.g., fracture stages, total volumes of fluid and proppant, fracturing fluid type). Fur-
thermore, a recursive feature elimination method was first utilized to examine which
parameters present the greatest effect on the prediction models. The authors claim that
the proposed models can help engineers design hydraulic fracture treatments in tight
reservoirs. The results showed that the RF model has the best performance in terms of
prediction accuracy; however, it presented overfitting issues. Park et al. [102] used different
ML methods, namely polynomial regression, XGB, ANNs, and RFs, to optimize a field
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development strategy. The authors used conventional simulators for different injection-
production scenarios to create the training dataset which was inserted into the ML models
so that they learn the influence of reservoir and design (completion, well spacing, and
timing) parameters on the cumulative oil production of existing and potentially new wells.
Then, when the model is trained, it is applied at the well-scale and is used together with a
GA that performs an optimization procedure to obtain a group of history-matched models
to make production and NPV full-scale predictions. By testing the models with a blind
dataset, the authors were able to show that their approach can successfully forecast the well
performance even in areas with a limited availability of data (i.e., potentially newly drilled
areas with fewer data), taking advantage of the history-matched parameters of nearby wells.
The importance of this approach lies in the fact that the underlying simulator’s physics is
embedded in the models, allowing any design parameter to be connected to well perfor-
mance. The results showed that polynomial regression and XGB methods can assist an
unconventional field planning based on the predicted production and economic metrics for
many completion designs. However, physically impossible production values are obtained
(negative oil production), showing that considering training sets without priorly obtained
field knowledge can produce unrealistic values. For that reason, Lizhe et al. [92] developed
a new more generalized ANN by inserting prior knowledge into the model apart from the
original training data (treatment pressure and rate, cluster spacing), to predict the NPV and
improve the efficiency of a hydraulic fracturing scheme. Thus, the resulting training dataset
is a combination of the original one together with the fracture geometry raw (width and
length of each fracture) and hand-crafted (average area, width and length, and variation of
width and length) parameters, which constitute the prior knowledge. Four other models
(RFs, AdaBoost, SVMs, and regular ANNs) are created for comparison reasons. The results
showed that the accuracy of the models is very good and that the proposed approach
surpasses the other four models in terms of efficiency.

Panja et al. [103] developed three ML models, namely Least Square Support Vector
Machines (LSSVMs), ANNs, and a response surface model using second-order polyno-
mial equations to predict the oil RF and produced GOR in fractured wells. The LSSVM
method [104] is an advancement of the SVM one, in the sense that the solution can be more
easily found using a set of linear equations instead of convex quadratic programming prob-
lems associated with the classic SVMs. The models were trained using static and dynamic
parameters (e.g., permeability, rock compressibility, initial reservoir pressure, BHPs, etc.).
The results show that the LSSVM presents the most accurate oil recovery predictions while
also maintaining a good efficiency for a more complex GOR nature. Ahmadi et al. [105]
developed several ML techniques, namely LSSVMs, ANNs, and Hybrid Fuzzy Kalman
filter [106] with a GA (HFK-GA), to determine the water coning breakthrough time in
fracture reservoirs using flow rate, cone height, viscosity of reservoir fluid, and fracture
number as input data. Coning predictions are very important, since as the production rate
increases the coning also increases, driving engineers to determine the cone breakthrough
to set production at an allowable rate. The results showed that the LSSVM technique
presented the most accurate results, as compared with the other two methods.

2.3.2. Dynamic Machine Learning Models

There are many cases, especially for hydraulic fracture applications in complex fields,
where the employed ML methods are considered a challenging task. Those cases can
be related to having few training samples due to unavailable field data, not taking into
consideration the fracture geometry, etc. [107]. Pal M. [108] was the first to develop a
DL-RNN-LSTM model to predict future oil and water production rates in a time series
way for a tight carbonate reservoir under water-flooding with long horizontal wells, using
a limited amount of real injection and production data as inputs. Due to data collection
issues, such as challenges in injection/production measurements, in the collection of high-
frequency injection/production data and in variations of injection/production data, data
quality issues emerged; thus, simple manual data pre-processing procedures (e.g., checks
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for data formatting errors, missing values, repeated rows, spelling inconsistencies, etc.)
were performed to obtain better prediction results. Furthermore, the author calculated
data correlations to observe how water injection affects oil, gas, and water production.
The results showed that the proposed ML model was able to predict oil production for
a 5-year period with relatively good accuracy. However, when the model was used to
predict the production only for the first year, the accuracy achieved was considerably higher.
Furthermore, it was shown that the accuracy of the prediction results was significantly better
for wells with much more available production data, suggesting that the accuracy increases
as the availability of data increases. Srinivasan et al. [108] developed a novel approach
to perform real-time HM and make long-term production predictions for fractured shale
gas reservoirs with limited filed information utilizing Reduced Order Models (ROMs) and
ANNs. The author’s aim was to generate synthetic data from both conventional reservoir
simulations and ROMs (known as low-fidelity models). That way, the ANN can be trained
with data obtained from the fast ROM, which is then updated with a small amount of data
from the slow traditional approach (transfer learning) to improve accuracy. This process
enables an efficient approach to problems related to sparsely available field or simulation
data, something that is very common for unconventional reservoirs, thus providing more
accurate results on production predictions. It was shown that training the ANN only with
data from ROMs does not provide very accurate prediction results; however, introducing
a small dataset of simulation results can boost the model’s performance. The proposed
physics-informed approach was shown to be capable of performing real-time HM and
production predictions for tight and/or fractured reservoirs.

Pan et al. [109] applied a cascaded LSTM model, (tree-structured LSTM network)
coupled with a Savitzky–Golay filter [110] for hydraulic fracture production prediction
and monitoring purposes. The filter is a polynomial algorithm used to smooth time-series
data. The authors examined two cases, one with pressure and production rate time series
data and one with only production time series data. In the former case, the coupled model
will be used for data processing, missing values identification and, finally, production
predictions. On the other hand, in the latter case, a denoising LSTM was used to reduce the
noise in the training production dataset, as well as identify the missing values; however, the
production predictions are executed using the conventional DCA method. The denoising
model with fewer data was capable of smoothing the time series data; however, it could
only assign missing values for a short period. By adding more data (i.e., pressure histories),
the missing values are effectively reconstructed to obtain better predictions.

2.4. Machine Learning Methods for EOR/Sequestration Projects
2.4.1. Machine Learning Models for the MMP Calculation

Among the many applications of ML methods, several approaches have been gener-
ated for various EOR and sequestration applications, which are becoming more and more
popular. Among those applications is the prediction of the Minimum Miscibility Pressure
(MMP) of CO2, since it can significantly affect the design of CO2 injection operation through
its impact on the injected gas sweep efficiency and, thus, the oil recovery factor. The meth-
ods currently used for MMP estimations are experimental measurements, the use of specific
correlations, EoS, and computational techniques [111]. Experimental measurements are
not always available since they are expensive and time-consuming; correlations can be
restricted in the sense that they are usually applicable only to the parameter range they
were created for, and EoS can sometimes suffer from numerical problems.

ML methods can be an efficient alternative for MMP calculations since they are robust
and cheap, both in a monetary and time context. For that reason, Shokrollahi et al. [112]
developed an LSSVM model to predict the MMP of pure and impure CO2. The authors
trained and validated the model using a training dataset of experimental CO2 MMP val-
ues, their analogous oil and impurity compositions, reservoir temperature, Molecular
Weights (MWs), etc. The results showed that the trained model surpasses all available
methods, in terms of the accuracy of the predictions that are in good agreement with the
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experimental data. It is also shown that the model can predict the physical trend of CO2
MMP values against reservoir temperature, the MW of the heavy fraction, and H2S/N2
concentration. Ahmadi et al. [113] coupled LSSVM models with evolutionary algorithms
(PSO, GA, and ICA) to predict the MMP using fluid parameters, such as reservoir tem-
perature and the MW of C5+. It was shown that the LSSVM model, with all evolutionary
algorithms, can be an efficient technique for estimating the MMP for pure and impure
CO2 streams. Nevertheless, it must be noted that there is a shortage of experimental data
used for the training, thus the results can be questionable. Other studies also exist, such
as in the works of Huang et al. [114] and Bian et al. [111], who created an ANN and an
SVR-GA model, respectively, to predict the MMP of the pure and impure CO2 in oil. The
inputs to train the model were the MW of C5+, reservoir temperature, and oil composition.
Moreover, Huang et al. predicted the impure CO2 MMP factor by correlating the critical
temperatures and concentrations of contaminants in the injected stream. Finally, Nezhad
et al. [115] developed a Radial Basis Function Neural Network (RBFNN) model to deter-
mine the CO2-oil MMP using reservoir temperature, oil composition, C5+ MW, and injected
stream composition.

An RBFNN is designed for various ML tasks, including regression and classification.
Its architecture consists of three layers: an input layer, a hidden layer with radial basis
functions as activation functions, and an output layer (Figure 11). The hidden layer’s
radial basis functions transform the input data into higher-dimensional space, allowing the
network to capture complex relationships between features. During training, the network
employs a two-step process. First, the centers of the radial basis functions are typically
selected using clustering algorithms such as k-means, and the widths are set based on
the spread of the data. Second, the output weights are adjusted using a linear regression
approach, fitting the transformed data to the target values. RBFNN excels in approximating
non-linear functions, making it effective for applications where data has intricate patterns
or when the relationship between inputs and outputs is not explicitly known.
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Most of the time, ANNs can present local minima or overfitting problems. Thus,
to boost their accuracy, evolutionary algorithms can be utilized to help with such prob-
lems. In 2008, Mousavi Dehghani et al. [116] developed an ANN optimized by a GA
(network architecture optimization) to predict the MMP of CO2. The ANN was trained
using the reservoir temperature and fluid composition, as well as the injected gas composi-
tion as input. Sayyad et al. [117] developed an ANN model coupled with a PSO algorithm
to predict the MMP using reservoir temperature and fluid and injected gas composition,
and Chen et al. [118] used a back-propagation ANN with a GA to predict the MMP for
pure and impure CO2 streams using reservoir temperature, mole fractions of volatile and
intermediate oil components, MW of the C7+, and mole fractions of CO2 and other impuri-
ties in the stream. All of the above ANN-based models coupled with efficient evolutionary
algorithms present considerably better prediction results, compared with the simple ANN
models, since they possess the capability of mitigating overfitting and local minima issues.
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2.4.2. Machine Learning Models for EOR PFO Applications

Aside from miscibility, production prediction, and EOR-related optimization processes
are equally important subjects for accomplishing greater sweep efficiency, oil recovery, and
subsequently, a greater NPV. One of those significant EOR processes is CO2 sequestration
into depleted, or partially depleted reservoirs to reduce CO2 emissions into the atmosphere
and, if combined with residual oil recovery, to increase oil production.

Thanh et al. [119] developed an efficient ANN model for oil recovery and CO2 storage
capacity co-optimization. The authors used a conventional simulator to simulate the CO2
injection operation with the help of the LH sampling method. That way, the training dataset
was obtained, which consisted of thickness, permeability, residual oil saturation, injection
rate, producer BHPs, and porosity as input and cumulative oil production, cumulative CO2
stored, and cumulative CO2 as output. Ampomah et al. [120] developed an approach in
which they proposed an ANN for oil recovery and CO2 storage capacity co-optimization
by maximizing both oil recovery and CO2 storage. First, the authors performed the LH
sampling method, a Monte Carlo simulation, and Sensitivity Analysis (SA) to examine
the influence of several uncertain variables (e.g., injector BHPs, Water alternating gas-
WAG cycle, injection/production rates, GOR) on the set OF. Then, the most influential
parameters (e.g., vertical permeability anisotropy) were selected as inputs for the ANN
model to perform the optimization. The results presented an improved oil recovery and
CO2 storage optimization when compared to a simple base case scenario.

Parada Minakowski et al. [121] developed cascaded ANN models to screen different
EOR methods (e.g., water-flooding, steam injection, and injection of CO2/N2) by predicting
oil rate, cumulative oil, and production time for each operation. The authors used a reser-
voir simulator to produce a training dataset for various operating strategies for each EOR
method, consisting of reservoir fluid properties (e.g., oil gravity, viscosity, composition),
rock parameters (permeability, porosity, thickness, water and oil saturation, etc.) and design
characteristics (e.g., completion, well patterns and spacing, and well operating conditions
such as production/injection pressures) as input. For the steam injection project, the input
also incorporated the injection and saturation temperature, as well as enthalpy values of
gas, liquid, and injection conditions. Therefore, a corresponding number of ANN models
was generated, depending on a combination of the different EOR methods, fluid character-
istics, and design parameters. As a result, the proposed methodology enables engineers to
make predictions for many different inputs, depending on the operation design, providing
a thorough screening of many depletion designs for each EOR method. Moreover, in her
dissertation, Parada Minakowski C.H.P. [122] developed a similar study for screening
different EOR methods using a forward and an inverse ANN. First, a traditional reservoir
simulator is employed to produce the training dataset consisting of design parameters
(e.g., well patterns with various operating conditions) and rock and fluid properties as
inputs and the corresponding oil rate and cumulative oil production profiles as outputs.
Different models are built for the different well patterns. The forward model predicts
oil rate and cumulative production, given the rock, fluid and design parameters, while
the inverse model predicts the design parameters, given the rock and fluid parameters
and the desired oil rates and cumulative oil production. Both models provided accurate
results. In another study, Surguchev et al. [123] built multi-criterion back-propagation
and Scaled Conjugate Gradient (SCG) ANN models to screen different EOR schemes
(gas injection, steam injection, and cyclic water-flooding) for different reservoir conditions
(i.e., different input parameter ranges). The training dataset consisted of reservoir parame-
ters (permeability, porosity, depth, fluid properties, heterogeneity, rock type, salinity, etc.)
as input and the EOR methods for assessment as output, in the form of a scale that is
between the interval of 0.7 and 1.0. As it was shown, in many cases the SCG approach
presented more accurate results than the back-propagation one. The most crucial advantage
of this method is that the ANN models allow the usability of various data, and they can act
as screening tools for the efficiency of many EOR operations.
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CO2 sequestration in coal seam reservoirs is a widespread technology, since coal
seams are among the most beneficial formations for CO2 storage. The most important
benefits of this operation in such reservoirs is that, as studies show, CO2 shows a sorbing
preferability in coal, replacing the coalbed methane that can be produced at the surface,
and, furthermore, a very big CO2 volume can be stored at low pressures, eventually cutting
down the total storage cost that is usually necessary for constructing additional platforms
for storage purposes [124]. For those reasons, Mohammadpoor et al. [125] developed a
back-propagation ANN model to forecast two of the most important performance indica-
tors for CO2 storage projects in coal methane reservoirs, methane recovery, and the amount
of CO2 injected. As a first step, the authors run several conventional simulations to obtain
the training dataset, consisting of porosity, permeability, pressure, thickness, temperature,
and water saturation as input and CO2 injected and methane production as output, nor-
malizing the mean and standard deviation to improve the model’s accuracy. The authors
also developed an RBFNN model for comparison reasons, which showed promising re-
sults; however, the ANN’s performance was of better quality. In a similar study in 2004,
Odusote et al. [126] created a back-propagation ANN model to predict the crucial perfor-
mance indicators for CO2 storage projects in coal seams, such as cumulative CO2 injected,
amount of CO2 sequestered, cumulative methane produced, and CO2 breakthrough time.
The authors run several simulation scenarios in a compositional coalbed methane simulator,
to obtain the necessary input parameters for the ANN model, namely reservoir properties
(e.g., porosity, permeability, water saturation, initial pressure, CO2 and CH4 sorption pres-
sure and volume, etc.) and design parameters (e.g., injector orientation, pressure and
length, etc.), normalized for more accurate results. The most important advantage of the
proposed method is that it enables engineers to screen for the feasibility of CO2 sequestra-
tion in such reservoir types. Later in 2005, Gorucu et al. [127] developed a similar ANN
model to predict the same performance indicators as Odusote et al., except for cumulative
CO2 injected. Their training dataset consisted of reservoir (e.g., porosity, permeability,
water saturation, etc.), design (e.g., well pattern, spacing) and operational parameters
(e.g., injection/production pressures, skin factor) as input. The results of the aforemen-
tioned studies showed that the proposed models were very accurate in predicting critical
CO2 injection performance indicators.

Apart from the ANNs mentioned above, other methods such as Multivariate Adaptive
Regression Splines (MARS) can be effectively used to optimize and predict production.
MARS is an ML algorithm used for regression tasks, and is particularly effective for cap-
turing complex relationships between variables. Its architecture involves creating a model
by combining piecewise linear segments, allowing it to capture non-linear interactions
between features (Figure 12). MARS builds its model iteratively, adding basis functions
(BFs) in response to patterns in the data. Initially, the algorithm starts with a constant
model that predicts the mean of the target variable. It then explores possible splits in the
data based on each feature and identifies breakpoints that minimize the residual sum of
squares. The basis functions can be linear or hinge functions, allowing MARS to create both
linear and non-linear segments. The algorithm prunes the model by iteratively removing
basis functions that do not contribute to improving the fit. This ensures a parsimonious
yet accurate model. MARS is particularly useful when interactions between features are
intricate or when the data exhibits non-linearities.

Chen et al. [129] developed such an approach to determine the optimal well controls
that maximize the NPV. The authors used injection rate and production BHPs as input and
cumulative oil production and CO2 stored as output. The ML model is then optimized
by employing the StoSAG optimization algorithm. Kuk et al. [130] developed a novel
auto-adaptive parameterized DT that is capable of automatically maximizing the NPV for
a Carbon Capture Sequestration (CCS)—EOR process. The auto-adaptive DT is developed
to replace the randomly selected limit values of the DT’s attributes with parameters whose
optimum values are determined using the Sequential Model-based Algorithm Configura-
tion (SMAC) optimization tool. In every DT iteration, the results are fed into the simulator
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to determine the NVP, which is then used by the SMAC which varies the limit values to
obtain improved results that lead to the determination of the best NPV. When the model
was applied to a real reservoir simulation of a CCS-EOR operation, it optimized the oil
production during the CO2-EOR production stage, while also minimizing the amount of
CO2 injected.
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Artun et al. [131] developed two inverse models (one simple ANN and one RNN) to
examine a cyclic pressure pulsing (huff ‘n’ puff) scheme with N2 and CO2 in a depleted,
naturally fractured reservoir. First, the authors run several reservoir compositional sim-
ulations based on various huff ‘n’ puff designs to obtain the input–output dataset that
will train the models. To identify the cyclic, time-dependent nature of the operation, the
dataset consisted of desired performance characteristics (e.g., peak oil rate and time, initial
gas rate, final GOR, incremental oil production, stimulation ratio) as inputs and different
design parameters (e.g., injection rate, injected gas amount, injection period in days and
months) as outputs. Then, the inverse model is trained to predict the design parameters.
After the model is validated using a blind dataset, its efficiency is assessed by comparing
its output values with the reservoir simulation ones. It was shown that the model was not
able to identify the underlying physics very well since the problem under investigation
is an inverse one and there is not a unique solution. Because of that, the authors made
several modifications to mitigate the presented issue, such as incorporating functional
links to the output parameters (parameters that are functions of other parameters) to help
the model better understand the connections and physics between them. Finally, another
issue emerged: the difficulty of differentiating between the different cycles. While the
model made precise predictions for the first cycle, as their number expanded, the precision
was reduced, since at each cycle a certain gas volume is added, disturbing the reservoir
system; thus, the design scheme of each period is altered based on the previous one. To
mitigate this issue, the authors used a single-layered RNN model that identified the physics
of the operation more easily. Mo et al. [132] developed an encoder-decoder CNN model
to perform an image-to-image regression strategy to solve a CO2–water multiphase flow
problem for a CO2 CSS project with limited data. That way, the authors were able to extract
multi-dimensional features from the input permeability field, which are then utilized by
the decoder to reconstruct the output pressure and saturation images. Furthermore, they
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used a two-fold training procedure by integrating a regression loss with a segmentation
loss function to efficiently describe the highly discontinuous saturation front. To accurately
depict the high-dimensional and time-dependent outputs, time, in the form of injection
duration, is incorporated in the training dataset as an additional scalar input. Even though
the training dataset was of a limited capacity, the model was able to accurately predict the
spatiotemporal development of pressure and CO2 saturation fields.

2.4.3. Machine Learning Models for EOR Trapping Performance Metrics

Apart from the MMP and production performance, trapping performance metrics are
also considered in ML approaches, such as in research by Thanh et al. [133], who developed
several ML methods, namely SVMs and RF, with a Gaussian Process Regression (GPR), to
evaluate the CO2 trapping mechanism in saline aquifers. To obtain the training dataset
for the models, the authors run a large number of simulations obtaining several useful
CO2 trapping-related parameters as inputs (geologic parameters, petrophysical properties,
and other physical characteristics data) and the corresponding residual trapping, solubility
trapping, and cumulative CO2 injection as outputs. The results showed that all ML mod-
els can be good candidates for predicting the CO2 trapping performance; however, the
GPR model, followed by the SVM one, exhibited the highest performance, demonstrating
that they can successfully and robustly assist in numerical simulation for sequestration
applications. Kim et al. [134] used a simple ANN model to predict only the CO2 stor-
age efficiency in saline aquifers, i.e., trapping indices of the residual CO2 and solubility
trapping mechanisms. The authors created the training data with a reservoir simulator
using a parameter SA, where the parameters that mostly affect the CO2 sequestration
(porosity, permeability, thickness, depth, and residual gas saturation) were identified.
The results showed that the model’s accuracy is excellent and, hence, it can be used
as a potent tool for predicting the practicability of CO2 sequestration. In his Disserta-
tion, Al-Nuaimi M. [135] developed an ANN model to make pressure and saturation
(CO2 plume) time-series distribution predictions for a CO2 injection process into a saline
aquifer. The author used reservoir static and dynamic data as input. The results showed
that the model is capable of effectively predicting the pressure and CO2 distributions.

Wen et al. [136] developed a DL ANN model to predict the CO2 plume migration in
highly heterogeneous reservoirs. The authors run several reservoir simulations to obtain
the training dataset which consisted of input parameters such as permeability, injection
duration, rate, and location. Furthermore, they were able to take into consideration the
buoyancy so that the model could establish the effect of gravity, viscous, and capillary
forces, which are crucial parameters when predicting CO2 plume migration. After the
model was trained and validated, it was shown that it was able to generalize to a limited
extent, by extrapolating beyond the bounds of the training set. In order to further improve
the generalization efficiency, the authors proposed a fine-tuning process to transfer new
information to the model without any retraining. In another study, Zhong et al. [137]
used a conditional deep convolutional GAN model to predict the migration of the CO2
plume in heterogeneous storage reservoirs. This specific model, as the classic GAN, is a
semi-supervised one, in the sense that it self-trains to boost its overall quality without the
need for major assumptions about the input distributions. The model was developed to
identify the dynamic functional mappings among high-dimensional inputs and outputs
(permeability and phase saturations, respectively) by also incorporating the injection
duration as conditional information. The results of both studies by Wen et al. [136] and
Zhong et al. [137] showed that the proposed models can accomplish high accuracy for
forecasting CO2 plume spatiotemporal evolution patterns, as compared to the results of
traditional compositional reservoir simulators.
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2.4.4. Machine Learning Models for WAG-EOR Applications
Static Machine Learning Models

Among the different injection schemes for various EOR applications, the WAG scheme
has been widely studied in terms of ML. Recently, You et al. [138,139] developed a robust
strategy that integrated a DL ANN and a PSO algorithm to examine the possibility of storing
large amounts of CO2 inside a partially depleted reservoir using the CO2-WAG process.
Thus, ANN models are trained with geological, geophysical, and engineering data as
inputs to forecast hydrocarbon production, CO2 storage, and reservoir pressure responses.
These outputs can help assess the problem’s specific OF, expressed by cumulative oil
production and CO2 sequestration volume. Furthermore, the NPV and reservoir pressure
are utilized to scan for the best solutions. The results show that the proposed approach
is more potent for CO2-EOR optimization projects, leading to an increased production
and CO2 storage amount. In particular, those improvements led to an increased NPV,
validating the benefits of the proposed approach for CO2 EOR/sequestration applications.
Van et al. [140] developed an ANN model to predict the recovery factor, oil rate, GOR,
cumulative CO2 production, and storage for a multi-cycle WAG process. The model was
trained using initial water saturation, vertical-to-horizontal permeability and WAG ratios,
and the duration of each cycle as input. The results showed a very good oil recovery factor,
cumulative CO2 production, and storage accuracy; however, oil rate and GOR predictions
presented significantly less accurate results. By using the proposed model, engineers can
make economic assessments and identify the optimum WAG design.

Apart from the more conventional ML methods mentioned above, there also exists the
Group Method of Data Handling (GMDH) which is used for regression and classification
tasks. Its architecture involves a self-organizing approach to building models by iteratively
selecting and combining features (Figure 13). It forms a network of interconnected nodes,
where each node represents a candidate model. Initially, the algorithm starts with a single
node representing a simple model using one input variable. As it progresses, GMDH
adds more nodes, each considering different combinations of input variables and their
interactions. The algorithm evaluates the performance of each node using a specified
criterion, often minimizing the mean squared error for regression tasks. Nodes with the
best performance are retained, and the process continues iteratively, creating more complex
models. Such as in the case of MARS, GMDH also employs a pruning step to remove
redundant or less informative nodes. The result is an ensemble of interconnected models
that collaboratively predict the target variable [141].
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Belazreg et al. [142] created a WAG incremental recovery factor predictive model using
the GMDH model. The authors trained and validated the models with the results of many
WAG simulation runs, based on a factorial design of the experiment, that provides the
relationship between the output (pore volume of injected gas, reservoir pressure, pore
volume of injected water before the WAG initialization) and the corresponding selected
model parameters, i.e., permeability, oil and gas gravity, water viscosity, solution GOR,
WAG ratio and cycle, etc. The results showed that the GMDH model presented great
efficiency in terms of its ability to optimize the network architecture and accomplish
accurate predictive models that can help engineers achieve fast WAG risk assessments
prior to launching the time and cost-expensive technical studies. Later, Belazreg et al. [143]
confirmed the applicability of the GMDH method to make recovery factor predictions by
utilizing real field data from WAG projects across the world.

Additionally, Belazreg et al. [144] developed recovery factor models that, as demon-
strated, can efficiently be adapted to predict the WAG incremental recovery factor of a
CO2-WAG procedure and, also, can rank the most important parameters with the highest
effect on the WAG process. The training dataset contains many WAG-related real data,
such as the WAG scheme (miscible; immiscible), permeability, oil gravity and viscosity,
reservoir temperature and pressure, and hydrocarbon pore volume of gas injected. The
benefit of the proposed method is that it can be used by engineers to predict the WAG
incremental recovery factor ahead of any expensive laboratory and technical studies, giving
prior fast and accurate information about the WAG process. In a recent study, Li et al. [145]
developed an RF regression algorithm to predict oil production, CO2 storage amount, and
CO2 storage efficiency for a CO2-WAG operation. The authors run several simulations to
represent CO2-WAG development schemes and obtain the training set which consisted
of the CO2-WAG period, CO2 injection rate, and water–gas ratio as the input parameters.
Then, the bagging method was used to sample several sub-sets from the training set to
train each DT. It was shown that the proposed model could efficiently predict CO2-WAG
performance, since it presented high-accuracy results under computational efficiency.

Nwachukwu et al. [146] used the XGB method to predict reservoir responses during
CO2-WAG injection, represented by defined OFs and based on injector well locations (input)
since they greatly affect the responses. Furthermore, the authors included well-to-well con-
nectivities, injector block permeabilities and porosities, and initial injector block saturations
as inputs. The defined OFs are based on NPV, cumulative oil/gas production, and CO2
stored. The authors extended their previous ML method and developed [147] an additional
XGB method to determine reservoir responses, represented by a defined OF based on
NPV, for changes in well placement, WAG ratio, and slug size. Furthermore, the authors
performed an optimization of well locations and controls, using the Mesh Adaptive Direct
Search (MADS) technique, providing improvements without increasing the computational
cost. Alizadeh et al. [148] built two models, a mathematical-based one and an ANN one, to
predict oil recovery using dimensionless scaling groups, based on geological, reservoir, and
fluid properties, whose effect on the WAG displacement procedure is determined by an SA.
Their results confirmed the ANN’s suitability for predicting oil recoveries. You et al. [149]
developed Gaussian kernel SVR (Gaussian-SVR) models integrated with a multi-objective
PSO algorithm to obtain optimal results for multi-objective optimization problems in the
context of a CO2-WAG project. For the optimization, various operational parameters that
affect the CO2-WAG operation (e.g., water/gas injection duration, producer BHP, water
injection rate) were used. The hyperparameters of the models were adjusted with Bayesian
optimization to accomplish the best possible generalization. The study exhibited very
good results that were validated by performing simulations using the obtained optimized
parameters. The advantage of this study is that it provides engineers with the capability
to optimally design a CO2-WAG process. Additionally, it can apply to the optimization
of numerous operational parameters of the CO2-WAG procedure, expanding the solving
capability of large-scale optimization problems.
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Dynamic Machine Learning Models

Although a plurality of models has been created for WAG operations, most of them
are developed to predict static values (e.g., oil production or NPV) for a specific time frame
and not in a time-series one. In projects where time has a dominant effect, such as the
WAG process, dynamic models are more suitable, since they provide the opportunity to
produce any desired parameter (e.g., production rates) as a function of time, making the
optimization process more resilient, especially for EOR processes.

In 2018, Amar et al. [150] developed time-dependent ANN models to optimize a
WAG project by integrating them with a GA and an Ant Colony Optimization (ACO)
method [151]. The authors used the LH sampling method to select the most appropriate
training dataset, which consisted of water and gas injection rates as a function of time. After
the models were trained and validated, their output, which is oil and water production
rates in real-time, is used by the optimization algorithms to determine the optimum WAG
parameters, namely gas and water injection rates and injection half-cycle, WAG ratio, and
slug size, that maximize the cumulative oil production based on several time-depending
constraints, such as the maximum oil production, set ranges for gas and water injection
rates, etc. The results showed that both ANN-GA and ANN-ACO models were efficient
and could imitate the simulator’s performance. Later, in 2020, Amar et al. [152] moved
in the same direction and created dynamic SVR models coupled with a GA to optimize
the CO2-WAG procedure with time-dependent constraints. The authors first used the LH
sampling method to select the most appropriate dataset to train the models. Their main
goal was to determine the most suitable hyperparameters of the SVR models and, when
the training and validation are complete, to couple the GA for identifying the optimum
WAG parameters that maximize cumulative oil production, with time-dependent water-cut
constraints. The results showed that the proposed model is very efficient and capable
of optimizing a WAG process in real-time. Finally, in 2021, Amar et al. [153] extended
their research and developed Multi-Layer Perceptron (MLP) (i.e., a DL ANN) and RBFNN
models, with the same training dataset as before, to determine the parameters needed
(oil/water production rates—real-time) to optimize the WAG design parameters, such as
water and gas injection rate, half-cycle time and downtime, and based on several constraints
(a limit for the water cut value and reservoir pressure). Once developed, these models
were optimized using the Levenberg–Marquardt (LM) algorithm [154] for the MLP, and the
ACO and Grey Wolf Optimization (GWO) [155] algorithms for the RBFNN to enhance their
accuracy. The results showed that the coupled MLP-LM model presents a better efficiency
than the other two coupled methods.

2.5. Machine Learning Methods for Heavy Oil Production Applications

Heavy oil production includes many new novel technologies for extracting heavy
oil since the estimated reserves are approximated to be something over 6 trillion barrels,
three times the number of conventional oil and gas production [156]. In recent years,
many methods for enhancing the recovery of heavy crude oil have been developed due to
the constantly increasing demand for discovering new unconventional resources such as
heavy oil, shale, and bitumen [157]. EOR methods used to recover the viscous heavy oil
comprise non-thermal and thermal methods. The former exploits the ability of chemicals
and microbes to release the heavy oil trapped inside the reservoir, while the latter, primarily
steam injection, is the most effective for decreasing oil viscosity and, thus, mobilizing
it [158]. Both of these EOR methods require computationally expensive calculations when
using compositional numerical simulators. Therefore, proxy models using ML methods as
acceleration tools can provide an efficient alternative.
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2.5.1. Machine Learning Models for Thermal EOR Applications

One of the most used thermal methods is Steam-Assisted Gravity Drainage (SAGD), in
which steam (water or solvent) is injected to warm the heavy oil so that it can be efficiently
delivered to the surface by decreasing its viscosity. During this process, the determination
of the optimum steam injection pressure is of major importance since it corresponds to the
total steam amounts being used and, hence, affects the economics of the process.

Static Machine Learning Models

Kam et al. [158] developed a back-propagation ANN model to determine the operating
injection pressures that provide the maximum economic profit with respect to production
efficiency. The back-propagation method minimizes the OF with respect to bitumen pro-
duction, steam injection, solvent retention, commodity price, and manufacturing cost. The
proposed model can be applied to optimally design injection scenarios without modifying
the production facilities. Sun et al. [159] developed an ANN model to predict the oil flow
rate and cumulative oil production for SAGD and Cyclic Steam Stimulation (CSS) processes,
using rock and fluid properties (i.e., relative permeability and fluid viscosity). The cycle
in the CSS operation automatically shifts when the production rate decreases below a
set threshold value and the operation ends when the initial flow rate of one cycle cannot
sustain such a value. Thus, the model will also be used to determine the number of CSS
cycles and the analogous oil rate and cumulative production. The benefits of the proposed
approach are that it can help engineers obtain a fast and robust oil recovery prediction
for SAGD-CSS operations. In another study [160], the same authors built an ANN model
to predict the number of CSS cycles and oil production profiles. The ANN model was
trained using several rock and fluid parameters as input, such as relative permeability,
temperature-dependent viscosity, etc. Since the CSS procedure presents very high nonlin-
earities, the ANN is used as a clustering model (classification) to determine the number of
CSS cycles. Then, sub-ANN proxies are generated to make oil rate predictions (regression)
for the identified number of cycles. The models were validated using large blind datasets,
as compared with traditional simulation tools, showing that they can be efficiently utilized
to make accurate predictions. The authors stated that the developed models can be used for
both classification and nonlinear regression problems. Shafiei et al. [161] developed a novel
screening ANN-based model combined with a PSO algorithm (for the ANN’s architecture
optimization) to forecast the recovery factor and steam-to-oil ratios for a steam flooding
process in naturally fractured heavy oil reservoirs. The authors used several highly influen-
tial parameters as input, such as in situ viscosity, porosity, fracture and rock permeability,
reservoir thickness and depth, steam injection rate and quality, and initial oil saturation.
The coupled model’s results were compared with the ones from a simple back-propagation
ANN showing that the coupled model is better at predicting the reservoir performance. The
main benefit of the proposed model is that it can be used for techno-economic evaluations
ahead of field implementations.

The above methods are employed to make predictions about homogenous reservoirs;
however, the application of ML techniques in heterogeneous SAGD reservoirs is lacking.
For that reason, Queipo et al. [162] developed an ANN-based global optimization model
to improve operational (e.g., steam-injected enthalpy, injection temperature, etc.) and
geometrical (e.g., vertical and horizontal spacing, well length) parameters to obtain the
most favorable steam injection scenario for a SAGD operation in a heterogeneous field
by maximizing/minimizing an OF that incorporated NPVs, cumulative oil production,
and steam injection. Furthermore, by utilizing sampling techniques where the sampling
arrangement is adjusted in real-time, auspicious areas are being examined based on the
knowledge provided by the model and the given error values of the OF. The results showed
that the proposed technique is very efficient and can be used in exchange for highly
cost-ineffective conventional simulators for a wide range of optimization purposes.

In another study, Queipo et al. [163] developed a fast and global minimum ML method
to predict permeability and porosity distributions in multiphase heterogeneous reservoirs,
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utilizing static and dynamic data (inverse problem). The proposed approach builds a
surrogate model of an OF. First, the authors used the LH sampling method to select
a sample from the parameter space and run several simulations, creating the training
dataset which consists of static (porosity and permeability) and dynamic parameters
(cumulative oil production and gas/oil ratio) as input and the corresponding OF value
as output. Then, a simple neural network is developed, whose purpose is to identify the
relationship between input and output data. After that, a Design and Analysis of Computer
Experiment (DACE) [164] model is developed to account for the residuals, i.e., optimize
the difference between the simulated OF values and the proxy ones. The surrogate model
consists of the integration of the ANN with the DACE model. The results showed that the
proposed method can be effectively applied for reservoir characterization, as well as for
other petroleum engineering operations (e.g., production predictions and optimization),
and can surpass the performance of other global optimization methods. Amirian et al. [165]
developed an ANN to forecast cumulative production profiles in heterogeneous reservoirs
for a SAGD process. The authors performed reservoir simulations to obtain the training and
validation datasets that consisted of parameters that are connected with reservoir hetero-
geneities and operating parameters as input, such as the number of shale layers, thickness
and their average distance to the injection wells, average porosity, permeability, shale
indicator, etc. The output of the model was the oil cumulative production. Furthermore,
the PCA method is employed to input the dimensionality reduction, improving forecast
quality. The authors further improved the quality of the models’ output by performing
cluster analysis (deterministic and fuzzy-based techniques) to determine data structures
and clusters before the ANN training. That way, a separate ANN is generated for every
cluster. The results were shown to be of good quality and, by using the PCA and clustering
techniques together before the ANN modeling, the feasibility of the proposed approach for
large fields with numerous data is validated.

Apart from the above-mentioned methods in the conventional supervised/unsupervised
learning framework, the application of RL has also been investigated. A simple illustration
of RL is presented in Figure 14. The framework in RL is pretty similar to that of unsuper-
vised forward modeling, in the sense that there is an input corresponding to the current
state of the system to be controlled, which runs through the ANN model to produce an
output for which the target label is not known beforehand. The model, called the policy
network, transforms inputs (states) into outputs (actions) and is trained to learn a policy by
directly interacting with the environment of interest so that it maximizes a reward in the
operating environment [166].

Guevara et al. [167] developed an RL model to maximize the NPV for a SAGD process.
In this process, the agent interacts with the environment (reservoir simulation model) to
determine the optimal policy. At every learning time step, the agent increases (or decreases)
the steam injection rate (action), obtains the corresponding NPV (reward) and examines
the system’s response (state of the environment). The reward is directly determined by the
OF, which provides positive values for good actions that minimize it and negative values
for bad actions that maximize it. This process will eventually designate bigger rewards for
actions that correspond to bigger reductions in the OF, pointing the agent to actions that
accelerate the convergence. The results showed that the proposed RL method improves the
NPV by optimizing the steam injection policy, while also reducing the total computational
burden by 60%.
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Dynamic Machine Learning Models

The thermal studies mentioned so far do not provide the prediction of production over
time, but they are restricted to only providing cumulative volumes, recovery factors, or
NPVs. For that reason, Panjalizadeh et al. [169] developed the first dynamic ANN model,
coupled with a GA, for the uncertainty analysis and optimization of a steam flooding
operation, i.e., optimum steam injection rate, steam quality, and optimum injection time.
First, the authors performed an SA with the help of a factorial design to identify the most
important parameters that could possibly affect the operation, based on which they run
simulations to obtain the training dataset. The final dataset consisted of pore volume
multipliers, steam injection rate and quality, and a rock volume multiplier as the influential
input parameters, and the cumulative oil production and oil steam ratio for a 5-year period
as output. The results of the time-depend ANN are then used to execute a Monte Carlo
simulation for risk analysis purposes where uncertain parameter values, within ranges, are
selected and utilized as input to ANN models, acquiring cumulative distribution functions
for the same period of time, which can be used for decision making during the design of
steam flooding operations. As far as the optimization is concerned, the GA is employed
to determine optimum steam injection conditions. Fedutenko et al. [170] developed an
RBFNN dynamic model to forecast the oil production performance from a limited number
of simulations for a SAGD operation. The network choice was based on the fact that
RBFNNs present similar prediction capabilities as DL ANNs and require less data and
less training time to achieve accurate prediction, compared with the simple single-layer
ANNs. First, simulations are run for a ten-year period, based on various sets of operational
parameters (e.g., well patterns and spacing, injection rate, injector’s BHP variations every
two years, etc.) and constraints (e.g., minimum BHP, maximum liquid, and steam rates),
with the aid of the LH sampling method, to generate the training dataset, which consisted
of input and time series values of cumulative oil production, oil RF, and production rate
as output. Then, the RBFNN model is put in motion to forecast the production data for a
10-year period and for any operational parameter combination. The model’s accuracy was
verified using a blind dataset, and the results were compared with the ones obtained from
the conventional reservoir simulator, showing that the proposed model can efficiently act
as a reservoir simulator’s ‘’digital twin”, requiring less computational burdens.

Klie H. [171] was the first to develop ANN models combined with analytical ones to
predict the production for a SAGD operation. Analytical models are developed based on
the correlation between cumulative production curves, growth functions, and diffusion
phenomena, enabling the accurate depiction of production profiles. These functions are
used to calculate forecasted exponential growth by using existing data. First, first-order
production profiles are established with growth function models and then ML ones are
incorporated to predict the residuals, i.e., mismatch, between the available data and the
growth function results, enabling the identification of subsidiary production trends that
may have been remaining buried in the data. As a result, this approach could be helpful in
boosting the accuracy of the predictions. The proposed methodology can be used either
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with field or simulation data, and it was proven to be very auspicious for long-range
prediction purposes.

2.5.2. Machine Learning Models for Non-Thermal (Chemical) EOR Applications

Non-thermal EOR methods are also gaining more ground, especially when dealing
with heavy oils, mainly due to the low injection cost, as compared with the thermal methods.
More specifically, polymer flooding, which is a chemical EOR method, is usually carried
out after a water-flooding procedure. During this process, polymer amounts are injected
into the reservoir to decrease the water mobility, and, thus, boost the sweep efficiency [172].
When using the classic reservoir simulators to perform such processes, the computational
burden will be very high, especially for complex fields; however, ML methods can be
utilized to predict the recovery factor and NPV, which are among the most important
parameters of a chemical flooding operation.

Static Machine Learning Models

Sometimes, mixing polymers and surfactants in the injected water of the water-
flooding scheme will efficiently enhance the oil recovery. For that reason, in his Master’s
thesis, Alghazal [173] developed ANN models to investigate polymer gel treatments in a
fractured reservoir. A forward model was used to determine the production rate, water cut
and recovery factor for a certain reservoir (matrix and fracture porosity and permeability,
fracture spacing, reservoir thickness, and initial water saturation) and design parameters
(drainage area, injection rate, producer BHP, polymer concentration, and cross-linker con-
centration), and a second inverse model was used to predict the design parameters needed
for the desired production. Al-Dousari et al. [174] developed an ANN to forecast the oil
recovery factor and breakthrough time for a Surfactant–Polymer (SP) chemical flooding
process, using surfactant and polymer slug size, surfactant concentration, surfactant/oil
and polymer/surfactant mobility ratio, surfactant and polymer adsorption, interfacial
tension, reservoir heterogeneity, permeabilities, capillary pressure, water-flood residual
saturations, optimal salinity, gravity, and rock wettability. Compared to conventional
simulation models and other non-linear multivariate models, the proposed ANN-based
model can predict the chemical flood performance much faster and with a very low error.
Thus, the proposed model can be utilized as an efficient tool for initial appraisals of SP flood
operations. Van et al. [175,176] developed a robust ANN model to predict the oil recovery
factor of an SP chemical flooding using alkali and polymer concentrations, surfactant
concentrations, polymer slug size, well distances, etc., as input values. They performed an
SA for high-impact parameters from the results of the ANN, creating a quadratic response
surface to optimize design parameters, with the ultimate goal of maximizing the NPV of
the flooding process. The authors claim that the proposed model can be easily applied to
many chemical flooding economic considerations and for larger reservoir-scale projects.

Ahmadi [177] developed a simple ANN model coupled with a PSO algorithm
(optimizing the ANN architecture) to predict the recovery factor and chemical flood-
ing cost more efficiently. The authors performed several numerical simulations to obtain
the training dataset, which consisted of surfactant slug size and concentration, polymer
concentration in surfactant slug and drive size, polymer concentration in polymer drive,
etc., as input and the recovery factor and NPV as output. The proposed model can be
efficiently used as a predictive alternative for chemical flooding operations.

Karambeigi et al. [178] developed an MLP model to predict the recovery factor and
NPV for an SP chemical flooding process using surfactant slug size and concentration,
polymer concentration and drive size, the salinity of polymer drive, etc. The network’s ar-
chitecture was optimized for better prediction results. The results show that the model has
very good accuracy, demonstrating that MLP-based chemical flooding is trustworthy and
computationally inexpensive. Ahmadi et al. [179] and Kamari et al. [172] developed LSSVM
models to predict the recovery factor and NPV for SP flooding, by using inputs similar
to that of Karambeigi et al. More specifically, Ahmadi et al. [179] optimized their LSSVM
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model with a GA and Kamari et al. [172] evaluated the process, regarding technological
and economic aspects, by conducting an SA. The results showed that the models present
good accuracy since they agree with real data. Finally, the results of the SA show the posi-
tive/negative influence of input parameters on oil recovery and NPV. Larestani et al. [180]
developed various ML models using MLPs, Cascaded networks, RBFNNs, ANNs, SVRs,
and DTs to predict the oil recovery factor and NPV, regarding several input parameters,
similar to those of Karambeigi et al. The authors also performed an SA to determine the
most influential parameters. The results showed that the Cascade network outperformed
the others, in terms of the recovery factor and NPV prediction accuracy. Finally, Amirian
et al. [181] created ANN models coupled with a GA to forecast the chemical flooding
performance for heavy oils, using porosity, permeability, API gravity, viscosity, etc. The
ANN model architecture is optimized using a hybrid method of k-fold cross-validation
and GA, which is a unique approach that is not observed in the existing literature. The
developed models could predict the recovery factor with good accuracy.

Dynamic Machine Learning Models

The chemical EOR studies mentioned so far do not provide the prediction of produc-
tion over time, but they are restricted to only providing cumulative volumes or the recovery
factor. In addition, most of them do not take into consideration the design or reservoir
parameters needed to obtain the desired production.

In his dissertation, Sun [182] and developed ANN models for chemical and thermal
EOR operations (cyclic gas injection operations). For the first case, the author ran many
injection schemes to obtain the synthetic training dataset consisting of spatial properties
(e.g., porosity, thickness, permeability), initial conditions data (e.g., pressure, water satura-
tion, etc.), fluid properties (e.g., viscosity, etc.), relative permeability coefficients, and design
parameters (e.g., steam quality, injection rate and temperature, production well BHP, etc.)
as input and oil production, water production, and injection well sandface pressure for
approximately 20 years as output. Based on these data, the author trained a forward ANN
based on all aforementioned inputs to predict the corresponding outputs, and an inverse
ANN trained with spatial properties, initial conditions, permeability coefficients, and oil
production time series data to predict the design parameters, as well as water production
and pressure over time. The forward model presented significantly better results. For the
second case, the author ran simulations to obtain the training dataset consisting of the same
spatial properties, initial conditions data, fluid properties, and relative permeability coeffi-
cients, as well as polymer properties (e.g., polymer adsorption, salinity coefficient, polymer
viscosity, etc.) and design parameters (e.g., injection rate, slug and pattern size, etc.) as in-
put and oil production, water production, and injection well sandface pressure as output.
The author developed the same models as in the first case. The forward model presented
significantly better results. Later, in 2020, Sun et al. [23] developed forward and inverse
ANN models for a polymer injection project, the same as the dissertation of Sun [182]
for the chemical operation with the same input–output parameters. The forward model
predicts reservoir time series responses and is coupled with a PSO algorithm to optimize
the project’s NPV, whereas the inverse is employed to make predictions about the project’s
design parameters that meet the desired oil production criteria. The models were validated
with blind datasets verifying their efficiency. The proposed methodology (forward and
inverse models) can be used to determine the optimum chemical injection strategy that
can satisfy the expected production predictions, as well as help engineers acquire fast
economical appraisals for related projects.

Similarly, Abdullah et al. [183] developed five back-propagation ANN models
(one forward and four inverse) to predict the reservoir response over time (e.g., oil pro-
duction rate) for a chemical EOR project. The first forward model forecasts the reservoir
response (i.e., oil rate, water cut, injector BHP, cumulative oil production) for the reservoir
(e.g., permeability, thickness, residual oil saturation, chemical adsorption) and design pa-
rameters (e.g., pattern size, chemical slug size, concentration). The second model performs



Energies 2023, 16, 6727 36 of 53

an HM based on the reservoir response, the third predicts the design parameters for the
reservoir response, and the fourth and fifth models predict the design parameters for a spe-
cific oil production and project lifetime. The results showed that the proposed models can
effectively reproduce the results obtained from the simulator while significantly reducing
the computational time required. More specifically, the first model presented a low error
value (5%); however, the inverse models presented a larger one (10%).

Considering more complex ML methods, Chaotic Neural Networks combine the prin-
ciples of chaotic dynamics and ANNs to create models that can capture and simulate
chaotic behavior. Their architecture typically involves a feedforward network with an addi-
tional layer dedicated to simulating chaotic dynamics. This chaotic layer generates chaotic
trajectories based on the previous states and input data. The chaotic trajectories serve as
additional inputs to the neural network, enhancing its ability to capture intricate patterns
and non-linear relationships in the data. Their training procedure involves optimizing
the weights of the network using standard backpropagation algorithms, while the chaotic
layer parameters are adapted to generate chaotic trajectories that enhance the network’s
representation capabilities. The combination of chaotic dynamics and neural networks
allows the modeling of complex and unpredictable systems, making them suitable for
applications such as time series prediction and other domains where chaotic behavior is
present [184,185]. Jiang et al. [185] successfully developed a chaotic neural network to fore-
cast oil production and the resulting water cut for a polymer chemical flooding procedure.
They concluded that chaotic neural networks can improve the accuracy of prediction of
nonlinear time series with optimistic application prospects.

2.6. Machine Learning Methods for Gas Condensate Reservoirs

Gas condensate reservoirs have been at the center of attention for many studies,
since they present a unique depletion behavior. Those systems are characterized by the
presence of a hydrocarbon liquid phase during an isothermal depletion strategy, which can
cause problems such as the loss of surface-recoverable condensate. Those problems are
usually mitigated by applying pressure maintenance processes that enable the generation
of high surface gas recoveries together with a low number of condensates. For pressure
maintenance purposes, surface gas or other gases are injected into the reservoir, keeping its
pressure higher than the dew point one and, as a result, the condensate that is formed due to
the pressure decline is re-vaporized, thus avoiding potentially permanent condensate being
trapped into the reservoir’s pores. Every injection operation is heavily connected with the
phase behavior of the reservoir fluid, the injected gas, and their interactions, imposing an
excessive computational burden when using conventional compositional simulations to
predict the reservoir performance [186]. Therefore, ML methods have become popular for
alleviating those issues when using industry-standard simulators.

Gas-cycling processes can generally help eliminate (or mitigate) the risk associated
with the formation of condensate inside the reservoir. For that reason, Ayala et al. [186]
developed an ANN model with an SCG algorithm as the back-propagation method to solve
both forward and inverse problems for pressure maintenance purposes of gas-cycling oper-
ations in gas condensate reservoirs. The authors used a conventional reservoir simulator to
run several gas injection scenarios to generate the dataset that will train the proxies after the
most dominant parameters for the pressure maintenance simulations were identified. The
dataset for the forward model consisted of % gas to sales, gas production, and reinjection
rates as input and dry gas and surface condensate recovery at abandonment conditions as
output (predicted values). The dataset for the inverse model is the same as the forward;
however, this time, the model predicts gas production and reinjection rates for the desired
dry gas and surface condensate recoveries. The models were shown to successfully repro-
duce dry gas and surface condensate recoveries and gas production and reinjection rates,
respectively, for the inputs that they were trained and validated for, presenting a good
generalization prospect. The proposed workflow can help engineers design an efficient
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optimized development strategy that can be used before any expensive laboratory and
technical studies.

2.7. Machine Learning Methods for Flow Assurance Problems

Apart from the above-reviewed ML applications, another important category also
exists, that of flow assurance, which will be briefly analyzed. Flow assurance is an analysis
procedure used to evaluate the impact of generated hydrocarbon solids (i.e., asphaltenes,
wax, and hydrates) on production due to their depositions in the flow system, usually in
the vicinity of the wellbore’s bottom hole area and pipeline flow systems [187].

The various fluctuations in pressure, temperature (e.g., thermal EOR methods), and
fluid composition inside a reservoir can de-stabilize its hydrocarbon mixture, resulting in
the formation of an unstable and heavy organic-rich and solid-like mixture (e.g., asphaltenes
or waxes). These mixtures tend to precipitate at the bottom of a wellbore and inside the
producing layers in a small radius around it, causing pore clogging and, thus, preventing
the fluid flow inside the wellbore. The prediction of asphaltene precipitation is usually a
demanding task since their formation depends on many parameters [188,189].

The description of asphaltene precipitation is generally performed using two kinds
of models. The first ones, which are thermodynamic, require asphaltene properties as
input (e.g., density, MW, solubility parameter) to estimate their phase behavior. However,
these models recognize asphaltenes only as pseudo-components, something that creates
deviations in the asphaltene phase behavior prediction. The second model consists of
scaling equations which does not require any asphaltene properties. Instead, by fitting a
specific set of experimentally obtained data, the asphaltene precipitation at other conditions
can be estimated. However, even though scaling equations are very simple and precise,
they do not include the effect of temperature and, thus, they are not considered suitable for
predicting the asphaltene precipitation at different temperature conditions.

Since the prediction of asphaltene precipitation using traditional methods can cause
errors and deviations, the utilization of ML methods to boost the precision of asphaltene
prediction models has been studied. Generally, the input parameters to asphaltene pre-
cipitation predictive models usually consist of oil composition, density and MW of the
heavy fraction, reservoir temperature and bubble point pressures, GOR, saturates, n-C5
asphaltenes and resins (wt%), etc. In that context, several authors have tried to create
ML-based methods to determine the precipitated amount of asphaltenes due to natural
depletion, such as Zendehboudi et al. [189] and Ahmadi [190] who developed ANNs opti-
mized by an ICA and Ahmadi [191] who developed an ANN optimized by unified PSO,
which uses the exploration and exploitation properties of both the local and global PSO
variants. Later, Ahmadi et al. [192] built an ANN optimized by a PSO algorithm, as well as
by a hybrid optimization method (GA-PSO) to predict the asphaltene precipitation [193].

In another study, Ashoori et al. [194] compared the scaling equations method with
an ANN model, both of them utilized to predict the asphaltene precipitation amount at
specific operating conditions using experimental data. The results showed that the ANN
model was in better agreement with experimental data than the scaling equations.

Moving away from ANNs, Kamari et al. [195] developed an LSSVM model to estimate
the asphaltene precipitation onset pressure and oil saturation conditions using onset and
bubble point pressure data from the literature. Furthermore, Ghorbani et al. [196] built an
SVR model coupled with a GA to predict the asphaltene precipitation.

Apart from asphaltenes, wax deposits can also cause problems during production.
Waxes, as opposed to asphaltenes which are a subclass of aromatics, are mixtures of heavy
n-alkanes and i-alkanes (paraffins) [188]. Although mostly encountered in surface facilities,
risers, pipelines and separators, and not in subsurface systems like the reservoir and the
wellbore, it is worth mentioning several researchers who have focused on predicting wax
deposition conditions and amount, like Amar et al. [197] who developed an MLP optimized
with LM and Bayesian Regularization algorithms to predict the deposited wax amount
during production and Benamara et al. [198] who used the same methodology to determine
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the Wax Appearance Temperature (WAT). In another study, Benamara et al. [199] built
RBFNN models coupled with two optimization algorithms, namely GA and Artificial Bee
Colony (ABC) [200], to predict the WAT. Furthermore, Bian et al. [201] effectively used SVR
models integrated with a GWO algorithm to predict the WAT.

Obanijesu et al. [202] generated an ANN model to predict the possibility of wax de-
position using viscosity, pressure, and temperature data. Kamari et al. [203] developed an
LSSVM model together with the Coupled Simulated Annealing (CSA) optimization algo-
rithm to predict the wax deposition (i.e., weight percent of deposited wax), which presented
good results, as compared with experimental data on wax deposition. Chu et al. [204] built
a coupled Adaptive Neuro-Fuzzy Inference System (ANFIS)-PSO model to predict wax
deposition. The results showed that the ANFIS-PSO model presented a better efficiency
when compared to the results reported by Kamari et al. [205].

ANFIS combines the adaptive learning capabilities of ANNs with the interpretability of
fuzzy logic to create hybrid models that excel in capturing complex relationships between
inputs and outputs. ANFIS architecture typically involves a layered structure, where each layer
represents a specific component of the fuzzy inference system (Figure 15). The input layer
receives the input data, which then passes through a series of interconnected nodes known as
the “membership layer”. These nodes fuzzify the data based on predefined linguistic terms.
Subsequent layers, known as “rules”, calculate the firing strengths of the fuzzy sets. An adaptive
layer combines the outputs of the rule nodes using weights learned during training. The
hybrid nature of ANFIS allows it to adaptively adjust its parameters through a hybrid learning
algorithm, often based on gradient descent, least squares, or other optimization methods.
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As far as the wax deposition rate is concerned, Kamari et al. [205] developed an
efficient LSSVM model coupled with a CSA optimization algorithm to estimate it using
crude oil dynamic viscosity, shear stress, a wax molecular concentration gradient, and
temperature difference in pipelines as input parameters. In another study, Xie et al. [207]
also tried to predict the wax deposition rate by developing an RBFNN model.

Finally, as in the case of waxes, hydrates are also encountered in surface systems, mostly
in production/injection pipelines due to the extremely high-pressure/low-temperature condi-
tions that are encountered. However, to have a complete picture of the flow assurance in
ML applications, it is deemed necessary to mention a few researchers who have studied
the hydrate formation conditions under the ML context.

As far as hydrate formation conditions and other related subjects are concerned,
Yu et al. [208] developed RFs, Naive Bayes, and SVR models to determine the formation con-
ditions of natural gas hydrates, and Qasim et al. [209] presented four different case studies
involving the use of ML methods for gas hydrates prediction purposes. Suresh et al. [210]
developed three ML algorithms based on ANNs, LSSVMs, and Extremely Randomized
Trees (ERTs) to evaluate their accuracy in predicting the gas hydrate formation conditions
when the input parameters consist of gas composition, pressure, the concentration of the
inhibitor, and the output of hydrate formation temperatures. Kumari et al. [211] examined
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LSSVM and ANN models in conjunction with Genetic Programming (GP) and GA to predict
the stability conditions of gas hydrates, and Hosseini et al. [212] developed MLP, DTs, and
ERTs to estimate the methane-hydrate formation temperature in brines. The results showed
that the ML-based model mentioned above can predict the methane-hydrate formation
temperature with good accuracy.

3. Discussion

This paper presents an extensive review of the Machine Learning (ML) models developed
for subsurface reservoir simulation, highlighting the different applications and challenges related
to Production Forecasting and Optimization (PFO). Since reservoir simulations are typically run
using conventional simulators which are extremely costly in terms of computational time, ML
models are capable of simplifying those complicated procedures and providing fast subsurface
evaluations within an acceptable error margin.

As demonstrated by the reviewed papers, selecting the most suitable ML model can be a
challenging task since the chosen model should exhibit an efficient performance tailored to the
specific problem being studied (optimization, recovery rate forecasting, or time series production
performance, etc.). Therefore, it is considered wiser to first deeply understand the problem
under investigation from the reservoir engineer’s point of view to efficiently decide the right
course of action. In addition, since each problem can vary significantly, its complexity, as well as
its dataset, must be taken into account, since, for simpler, well-defined tasks, linear regression
or decision trees might suffice; however, for more complex and non-linear relationships, more
complex methods, such as deep learning or recurrent models, may be more appropriate. These
methods are more suitable since they tend to reduce overfitting and can handle large amounts
of high-dimensional data with multiple features.

As far as the high-dimensional data are concerned, many treating methods exist that can
reduce their dimensionality, making it plausible for much simpler ML methods to be used. ML
models coupled with dimensionality reduction techniques have been shown to lead to very
accurate prediction results, while also maintaining a smaller computational cost when compared
to simpler ML models which take into account a fully dimensional database. It must be noted
that the biggest contribution of these techniques is towards complex reservoir systems where the
number of parameters can be extremely high, while also presenting large distribution variations
from one field location to the other. In those cases, the dimensionality reduction can significantly
reduce the time that would otherwise be required, since the prediction calculations are executed
much faster. Furthermore, dimensionality reduction can improve model performance by
removing noise, redundant or irrelevant features, and focusing on the most informative ones,
leading to better generalization and prediction accuracy. However, it must be noted that with
dimensionality reduction comes the cost of the potential loss of information. As commented by
most of the authors of the reviewed papers, reducing dimensions can discard some variability
and fine-grained details, leading to a less accurate representation of the original data.

For the ML strategies concerning production forecast and optimization, two approaches
have dominated the research area. The first entails building ML models that can identify the
underlying relationship between production and reservoir parameters; the second is based on
identifying patterns related to previous values in a time series fashion, usually about production,
for forecasting future values. The second approach can prove to be highly effective in forecasting
future time series values influenced by nonlinear dynamics, eliminating the necessity to factor
in the impacts of any physical reservoir processes. As a result, it demands considerably fewer
input data. While both categories are focused on predicting time-related data, they are termed
“static models” and “dynamic models”, respectively, differentiating them based on whether
they forecast unique characteristic values or sequential time series.

To summarize and further highlight the reviewed ML strategies for production forecast
and optimization, Table 1 was created. The reviewed works have been distinguished according
to their application, the training scheme utilized (supervised/unsupervised/reinforcement
learning), the specific topic handled, the ML technology utilized (e.g., ANNs, SVMs, etc.),
and the related references.
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Table 1. Production forecast and optimization applications summary.

ML
Application ML Training Scheme Main Objective ML Method Reviewed Studies

(Reference List Number)

Optimization
Supervised

Production optimization

ANNs or ANNs with
optimization techniques [24–26,32,34,94,102]

DTs and Ensemble methods
(e.g., XGB, GBR, RF) [34,41,102]

SVMs and their variations
(e.g., LSSVMs, SVRs) [37]

Well placement
optimization

ANNs or ANNs with
optimization techniques [29,31,93,162]

DTs and Ensemble methods
(e.g., XGB, GBR, RF) [100]

Unsupervised Production optimization Clustering techniques [39,40]

Forecasting

Supervised

Static predictions

ANNs or ANNs with
optimization techniques

[46,47,49–52,92,95,101,103,105,114,116–123,125–
127,131,134,140,148,158–161,163,165,173–

177,180,181,189–192,194,202,210,211]

RBFNN [115,180,199,207]

DTs and Ensemble methods
(e.g., XGB, GBR, RF) [44,55,97,101,130,133,145–147,180,208,210,212]

SVMs and their variations
(e.g., LSSVM, SVRs)

[56,93,101,103,105,111–113,133,149,172,179,180,195,
196,201,203,205,208,210,211]

Deep Learning (ANN, encoder-
decoder CNN, RNN, etc.) [57,59–62,96,132,136,138,139,178,197,198,212]

Theory guided networks [64]

MARS [129]

ANFIS [204]

GMDH [142–144]

Unsupervised GAN [63,137]

Reinforcement Learning Reinforcement algorithm [167]
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Table 1. Cont.

ML
Application ML Training Scheme Main Objective ML Method Reviewed Studies

(Reference List Number)

Supervised Dynamic predictions

RNNs (mostly LSTMs) [21,45,55,67,72–74,76,107,109]

ANNs or ANNs with
optimization techniques [23,77,78,80,87,88,108,135,150,153,169,171,182,183]

RBFNN [153,170]

SVMs and their variations
(e.g., LSSVM, SVRs) [152]

MTS and VAR [81]

HONNs [85,86]

Gamma regression [87,88]

MLMVN [90]

Chaotic Neural Networks [185]
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As can be observed from Table 1, a wide range of ML methods is readily available,
with each one specialized to the problem under investigation. Artificial Neural Networks
(ANNs) are mostly used for these applications, such as predicting production recovery
factors and net present values, as well as optimizing well locations and design parameters
to achieve the best possible production. Furthermore, these models are developed to
account for various production stages, such as normal depletion, water-flooding, enhanced
oil recovery, hydraulic fracture operations, etc., demonstrating that ANNs are an excellent
ML choice when trying to make straightforward static production predictions since they
can identify the underlying relationship between production and reservoir parameters.
However, in cases where engineers need to make production predictions in a time series
manner, classic ANNs or alternative regression models are not the right way to go. In such
cases, dynamic models are a better choice, usually various types of recurrent networks,
since they can be very efficient in predicting future time series values governed by nonlinear
dynamics without the need to include the effects of any reservoir physical process, hence
requiring significantly fewer input data.

Clearly, reservoir engineering and reservoir simulation are applied sciences which
cannot invoke the development of new ML methods. In fact, it is the computer science
field that keeps devising new modeling techniques which are subsequently applied to
various applications such as the ones discussed in this review paper. However, the tailoring
and adaptation of established ML methods in the reservoir simulation context to improve
PFO efficiency and speed, as well as the related selection and preparation of the input and
output features, do constitute an innovative aspect.

More specifically, in the field of oil and gas production forecast and optimization,
particularly when dealing with intricate reservoirs and dynamic time series production
data, the above dynamic models present several novel aspects. These algorithms, inspired
by human learning processes, enable the developer to make sequential decisions in complex
environments. When applied to production optimization, they can navigate the complexi-
ties of heterogeneous reservoirs and fluctuating production conditions, adapting strategies
over time to maximize recovery rates while minimizing operational costs. Another ground-
breaking facet is the use of Convolutional Neural Networks (CNNs) that excel in capturing
relationships between interconnected reservoir elements, such as rock layers and well
locations, facilitating a holistic understanding of the reservoir’s behavior. This innovation
enables more accurate predictions and enhanced optimization strategies, aligning with
the dynamics inherent to complex reservoirs. Finally, unsupervised ML methods, such as
the Theory-guided Neural Networks (TgNN), as presented in the reviewed paper [57], are
directed by theory (e.g., governing equations, physical or engineering controls and con-
straints, etc.), along with simulation data, enabling the utilization of engineering controls
and constraints for a more precise prediction of the system’s response, which may not be
sufficiently described only by physical laws corresponding to the problem under investiga-
tion. The main benefit of TgNNs is that they can make predictions with higher precision,
compared to other methods, since they can generate more physically reasonable predictions
and can generalize to problems beyond the ones covered by the existing training dataset.

There is compelling evidence of the practical industrial benefits that ML technologies
have brought to subsurface reservoir simulation within the oil and gas industry. As
mentioned in Part I of our review work [1], it is well known that the oil and gas industry is
quite reluctant in adopting new technologies, since potential failure or even sub-optimality
may lead to a loss of millions of dollars. As a result, many operators still rely on reservoir
engineers’ expertise to optimize their production only to the extent humans can do without
the help of Artificial Intelligence.

As far as the availability of commercial PFO software is concerned, to the best of
our knowledge, two major players in the market (SLB and CMG) have developed PFO
tools which are incorporated into their software solutions. CMG has developed CMOST
(latest version 2023.20) which deals with various aspects of optimization such as defining
well production/injection rates and bottom hole pressures.
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As far as published real-world applications are concerned, one notable example is
Chevron’s adoption of ML for automated History Matching (HM) [213]. By integrating
ML algorithms into their reservoir modeling process, Chevron achieved faster and more
accurate HM, which is essential for generating reliable reservoir models. This not only
saved significant manual effort but also led to improved reservoir characterization, enabling
better-informed decision making regarding drilling and production strategies. Equinor,
a leading energy company, applied ML methods for real-time production optimization
in the Johan Sverdrup oilfield [214]. By analyzing complex datasets from sensors and
production processes, ML algorithms provided actionable insights to operators, enabling
them to fine-tune production parameters in real time. This resulted in increased production
rates, reduced operational costs, and improved overall efficiency. Additionally, Shell’s
collaboration with Nvidia showcased the power of ML in seismic interpretation [215]. By
leveraging Nvidia’s GPUs and deep learning algorithms, Shell was able to process and
interpret seismic data at an unprecedented speed. This enhanced the accuracy of reservoir
imaging, improved well placement decisions, and ultimately contributed to maximizing
oil recovery. In the Middle East, Saudi Aramco employed ML methods for reservoir
characterization and optimization [216,217]. Their project utilized AI algorithms to analyze
vast datasets from different oil fields, leading to improved understanding of reservoir
behavior, optimized drilling and production strategies, and increased hydrocarbon recovery.
These examples highlight the benefits of ML in the oil and gas industry, including faster
and more accurate modeling, real-time optimization, enhanced reservoir understanding,
and increased hydrocarbon recovery.

4. Conclusions

Machine learning (ML) has emerged as a powerful tool in the field of subsurface
reservoir simulations, providing a transformative approach to understand and predict
complex reservoir behaviors. ML algorithms have the ability to handle high-dimensional
and multi-variate data, making them ideal for reservoir simulations where numerous pa-
rameters such as fluids’ saturation, temperature, pressure, porosity, permeability, etc., need
to be considered simultaneously. This multi-dimensional analysis capability significantly
enhances the accuracy of reservoir simulations and predictions.

The integration of ML methods into production forecast and optimization applications
marks a transformative advancement in the field of oil and gas exploration and production.
The dynamic and complex nature of reservoir systems demands accurate predictions and
efficient operational strategies, and ML techniques have risen to meet these challenges.
Through the analysis of historical data, real-time monitoring, and the ability to adapt to
changing conditions, ML algorithms offer unparalleled insights into reservoir behavior.

The ML model applications reviewed in the present work, particularly deep learning
and recurrent networks, can uncover complex patterns and relationships in data that may
not be readily apparent by traditional simulation methodologies. This ability to learn
from large volumes of production data, usually in the form of time series, and identify
underlying patterns has been very important in improving the predictive accuracy of
reservoir performance, fluid flow dynamics, and recovery techniques. Furthermore, the
use of ML in reservoir simulations also offers the benefit of continuous learning and
improvement. As more data are gathered over time from reservoir operations, and as
models are updated, the predictions and insights generated by ML models become more
accurate and reliable.

However, it is important to note that while ML offers significant advantages, it also
poses certain challenges. Ensuring data quality and handling missing or uncertain data
remain critical issues. In addition, the interpretability of ML models, especially complex
ones such as neural networks, is another area that needs attention. Lack of full automation
is also a major issue which limits the incorporation of this technology to commercial
software applications.
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In summary, ML applications in subsurface reservoir simulations offer the potential
to drastically improve the efficiency, accuracy, and speed of reservoir management and
decision-making processes. As technology continues to advance and more data become
available, ML models will likely become even more integrated into a reservoir simulation,
leading to even greater optimization and efficiency in the oil and gas industry.
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Abbreviations

Abbreviations Meaning
ML Machine Learning
EOR Enhanced Oil Recovery
EoS Equation of State
HM History Matching
PFO Production Forecast and Optimization
SL Supervised Learning
UL Unsupervised Learning
RL Reinforcement Learning
NPV Net Present Value
DCA Decline Curve Analysis
BHP Bottom Hole Pressure
ANN Artificial Neural Network
GA Genetic Algorithm
XGB Extreme Gradient Boosting
MVR MultiVariate Regression
PSO Particle Swarm Optimization
GSO Genetical Swarm Optimization
LSSVR Least Square Support Vector Regression
LH Latin Hypercube
StoSAG Stochastic Simplex Approximate Gradient
SVR Support Vector Regression
GOR Gas to Oil Ratio
RF Random Forest
GBR Gradient Boosting Regressor
SVM Support Vector Machine
CNN Convolutional Neural Network
DL Deep Learning
RNN Recurrent Neural Network
PCA Principal Component Analysis
GAN Generative Adversarial Network
TgNN Theory-guided Neural Network
LSTM Long Short-Term Memory
EMD Empirical-Mode Decomposition
MDI Mean Decrease Impurity
ARIMA Autoregressive Integrated Moving Average
EnKF Ensemble Kalman Filter
ICA Imperialist Competitive Algorithm
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MTS Multivariate Time Series
VAR Vector Auto-Regressive
HONN Higher Order Neural Network
ACF Auto-Correlation Function
CCF Cross-Correlation Function
MLMVN MultiLayer network with Multi-Valued Neurons
FNN Fuzzy Neural Network
DT Decision Tree
AdaBoost Adaptive Boosting
LSSVM Least Square Support Vector Machines
HFK Hybrid Fuzzy Kalman filter
ROM Reduced Order Model
MMP Minimum Miscibility Pressure
MW Molecular Weight
RBFNN Radial Basis Function Neural Network
SA Sensitivity Analysis
WAG Water alternating gas
SCG Scaled Conjugate Gradient
MARS Multivariate Adaptive Regression Splines
CCS Carbon Capture Sequestration
SMAC Sequential Model-based Algorithm Configuration
GPR Gaussian Process Regression
GMDH Group Method of Data Handling
MADS Mesh Adaptive Direct Search
ACO Ant Colony Optimization
MLP Multi-Layer Perceptron
LM Levenberg–Marquardt
GWO Grey Wolf Optimization
SAGD Steam-Assisted Gravity Drainage
CSS Cyclic Steam Stimulation
DACE Design and Analysis of Computer Experiment
SP Surfactant–Polymer
WAT Wax Appearance Temperature
ABC Artificial Bee Colony
CSA Coupled Simulated Annealing
ANFIS Adaptive Neuro-Fuzzy Inference System
ERT Extremely Randomized Tree
GP Genetic Programming
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