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Abstract

NFRs represent more than 50% of reservoirs in the world. This type of reservoirs have been
a source of challenging issues such as field development, well stability, drilling, and enhanced
oil recovery, as a connected fracture system that can totally dominate flow patterns. Due to
the strong heterogeneity in both flow properties and reservoir geomechanics, various mathe-
matical, numerical, and discretization approaches have been developed to model and predict
the hydrodynamic behavior of naturally fractured reservoirs.

Reservoir simulation has been used to replicate reservoir conditions and thus, reservoir per-
formance. The downside is that it is computationally demanding, it is time-consuming and
it requires certain level of expertise in programming and knowledge in reservoir engineering.
Another issue with reservoir simulators is that they tend to be slow or they can be expensive.

To overcome these challenges, this thesis proposes an alternative approach based on the
development of an AI model trained using the characteristics of the reservoir of interest.
Previous studies have demonstrated the potential of ML models to successfully reproduce
fluid flow responses in conventional reservoirs. Therefore, this thesis focuses on the develop-
ment of a DL model aimed at replicating the results of fluid flow simulations, rather than
performing a complete reservoir simulation workflow. The feasibility and potential advan-
tages of employing a complex DL model are evaluated under different scenarios, assessing its
accuracy, computational efficiency, and reliability as a surrogate tool for fluid flow simulation.
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Chapter 1
Introduction

1.1 Background

The main goal of the oil and gas industry is to discover and exploit oil and gas reserves to
satisfy global demand, although to plan a recovery strategy there are many challenges and
risks that can make it such a complicated task; one part of these risks can be treated by
reservoir engineers who rely mainly in reservoir simulation, which plays a vital role due to
its use from the planning stages to the understanding of the reservoir behavior, facilitating
detailed analysis, and creating efficient recovery processes.

Reservoir simulation integrates principles from physics, mathematics, reservoir engineering,
geoscience, and computer programming to model the hydrocarbon reservoir performance
under various operating conditions. It has been studied through the years, and with the
development of more powerful hardware and more advanced techniques such as finite dif-
ferences and finite elements methods, now a days it has become a standard in oil and gas
engineering problems as a result of the better precision of the simulations.

A growing area of interest in the reservoir simulation is Naturally Fractured Reservoirs
(NFRs). These types of reservoirs have been studied since the 1960s and also represent a
more difficult challenge as a consequence of the existence of dual porosity systems.

Despite the modernization of simulators with High-Performance-Computing (HPC), the in-
tegration of new techniques into the oil and gas industry such as Artificial Intelligence (AI)
has brought more possibilities for the optimization of possible processes. The incorporation
of Machine Learning (ML) and Deep Learning (DL) algorithms especially, Artificial Neural
Networks (ANNs) have permitted to obtain accurate simulation models. These techniques
represent new opportunities to improve oil and gas production and thus, improve decision
making in the industry.

The main focus of this thesis is to examine the feasibility of using AI models as surro-
gate models for predicting the Flowing Bottomhole Pressure (Pwf) obtained from numerical
reservoir simulations .
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1.2 Problem statement

Naturally fractured reservoirs present a significant challenge in reservoir simulation mainly
because of the complexity of the interaction between fractures, the rock matrix and the ef-
fects of fractures are poorly understood.

Traditional numerical simulation models, like dual-porosity methods, although widely used,
have limitations when it comes to accurately capturing fluid flow through highly hetero-
geneous fracture systems. These limitations can lead to inaccurate production predictions
which affects decision making in field development projects.

Moreover, the variability of geological properties, such as fracture permeability and porosity,
introduces additional uncertainties in modeling. To address these challenges, more advanced
simulation techniques have been explored.

This thesis proposes the use of DL models as a complementary tool to traditional numeri-
cal simulation models. The implementation of ANNs will allow learning complex patterns
from historical production data and reservoir properties, thus improving the accuracy of
predictions in naturally fractured reservoirs. The main hypothesis is that ANNs can reduce
simulation time in a fractured system obtaining very good accuracy, providing a competitive
advantage in production optimization and reservoir management.

1.3 Objectives

To develop a simple computational tool applying AI with the objective of predicting pressure
and saturation distributions during fluid flow in fractured porous media within homogeneous
unconventional gas reservoirs.

Specific Objectives

1. Review of the literature on Deep Learning applications for bottom hole pressure predic-
tion applied to unconventional or naturally fractured reservoirs.

2. Realize several fluid flow simulations in fractured porous media using commercial simu-
lators or of own development.

3. To analyze the performance of the computational tool and theoretically assess the feasi-
bility of its application for fluid flow characterization in a reservoir.

4. Conduct a computational performance comparison between a deterministic simulator
and trained models.

2



1.4 Thesis structure

In Chapter 1 a brief description about reservoir simulation and the needs for new solutions
in the simulation of naturally fractured reservoirs that can be proposed as a complement
during oil and gas projects is presented.

Chapter 2 highlights the basic concepts for understanding the characteristics of naturally
fractured reservoirs, fluid flow in NFR, the models used to model this type of reservoirs, and
the challenges in general during the simulation and modeling of NFR.

In chapter 3 we introduce the core concepts of how modern DL models work so that the
user can understand the capabilities of each model, what options are available to tune the
models, and what their main advantages and disadvantages are.

Chapter 4 indicates a typical process during a Data Science project, ranging from data
collection, understanding our data, cleaning it, best way for training and selecting a model,
to the evaluation of making predictions with unseen data.

Chapter 5 evaluates the models in the train and test set and shows the comparative re-
sults between a numerical NFR simulator and the trained algorithm.

Finally, in Chapter 5 conclusions and limitations of the thesis are brought.

3



Chapter 2
Naturally Fractured Reservoirs

2.1 Relevance and characteristics

According to (Aguilera, 1995) ”A naturally fractured reservoir is a reservoir which contains
fractures created by mother nature. These natural fractures can have a positive or a negative
effect on fluid flow.”

(Nelson, 2001) defines naturally fractured reservoirs as ”subsurface rock formations that
contain fractures formed by natural geological processes, where the fractures act as path-
ways for fluid flow, and the rock matrix acts as the primary storage of fluids.”

(Bourbiaux, 2010) approaches NFRs from a simulation perspective emphasizing that frac-
tures significantly contribute to both the storage and flow properties. These fractures can
substantially enhance the permeability of the reservoir and influence recovery methods, mak-
ing their understanding between matrix and fracture systems interaction essential for design-
ing efficient recovery strategies.

Based on the definitions above we can conclude that a natural fractured reservoir is a reser-
voir which contains fractures created by geological processes, the fractures can affect or
contribute to fluid flow. These reservoirs are characterized by their dual-porosity nature
where fractures act as conduit for fluid flow and the rock matrix serves as the main storage
space.

Fracture Classification

A fracture is a break or discontinuity in a rock formation caused by stress that exceeds
the rock’s strength. These breaks can occur due to various geological processes like tectonic
activity, thermal stress, or compaction (Nelson, 2001).

4



Main elements:

1) Fracture aperture

2) Fracture trace

3) Fracture orientation

The classification of fractures in naturally fractured reservoirs has been widely discussed
in the literature. Several authors have proposed different criteria based on origin or stress
conditions. The following fracture classification is primary based on the classifications pre-
sented by (Stearns & Friedman, 1972) and (Nelson, 2001).

Shear Fractures: They are the result when rocks are subjected to stresses that produce
a displacement between the rock blocks and the fracture plane. Shear fractures form when
the three principal stresses acting on the rock are compressive.

Extension Fractures: In this type of fractures, the rock mass undergoes deformation due
to stretching or dilation processes that generate fractures roughly perpendicular to the min-
imum principal stress

Tension Fractures: Similar to extension fractures, although this type of fractures include
at least one tensile stress component .

Tectonic Fractures : Produced by large-scale forces acting on the Earth’s crust. These frac-
tures commonly occur as networks associated with geological structures such as faults and
folds. In a fault fracture system, shear stress is the most common type. Fractures associated
with faults exhibit complex patterns but they often form geometries associated with the
deformation history of the rock.

Regional Fractures : Fracture systems characterized by long fractures exhibiting little change
in orientation over their length. These fractures have a simpler and more consistent geometry.

Contractional Fractures : Set of fractures associated with a general bulk volume reduction
throughout the rock. These fractures are the result from desiccation, syneresis, thermal gra-
dients and mineral phase changes. The most common fractures of this type are mud cracks.

5



Natural Fracture Reservoirs Classification

(Nelson, 2001) presents an expansion that of proposed in (Hubbert & Willis, 1955). The
classification consists into four categories based on the concept that the fracture system pro-
vides a positive impact in fluid flow, he assumes that this classification has to occur once
the reservoir properties of the fracture system are determined.

Type I: In this type, fractures are crucial as they provide essential permeability and storage
capacity of the rock.

Type II: Here, fractures provide essential permeability.

Type III: The fractures assist to the reservoir permeability.

Type IV: These type of fractures create significant reservoir anisotropy and they don’t
provide additional porosity or permeability.

Figure 2.1: Naturally fractured reservoir classification system (Nelson, 2001)

6



2.2 Fluids behavior

2.2.1 Pseudo Steady-State (PSS) Model

Barenblat Model

In 1960 flow models for naturally fractured reservoirs began to be formulated with the
work of Barenblatt & Cols. This flow model considers the flow between the matrix and the
fracture as pseudo stationary, physical concepts of fluid transfer in two media was founded
under the assumptions of fractured rock basic fluid transfer equation.

The model presents a fractured system with two porous media in which the first are the
fractures and the second are the matrix blocks, as reservoir production progresses, the pres-
sure difference between the matrix and fractures decreases until a state is reached where
fluid flow becomes constant.

The Barenblatt model captures how pressure differences tend to equilibrate in the pseudo-
stationary flow phase, providing a simplified and useful approach for analyzing production at
this late stage. It is especially useful for simulating reservoirs where production has reached
a constant level and matrix-to-fracture flow is not expected to vary significantly.(Barenblatt
et al., 1960)

Warren and Root Model

Published in 1963, the Warren and Root model represents a fundamental advance in the
simulation of naturally fractured reservoirs, this work is based on the model of Barenblatt
et al. The authors define two types of porosities in the reservoir: primary and secondary
porosities.(Warren & Root, 1963)

1-) The medium with primary porosity (matrix) is homogeneous and isotropic and is lo-
cated within a rectangular parallelepiped-shaped array.

2-) The secondary porosity (fracture) is continuous, uniform and orthogonal with orien-
tation parallel to the main permeability axes.

This model was designed to capture how fluid flow behaves distinctly in a medium con-
taining a network of connected fractures and a matrix that acts as a storage reservoir.

λ represents the interporous matrix-fracture transfer flux and the heterogeneity of the sys-
tem.
ω represents fracture fluid storage, fracture expansion and fracture flow capacity

7



2.2.2 Unsteady State (USS) Model

Kazemi Model

Kazemi introduces a new flow behavior considering a finite circular reservoir with a cen-
trally located well and two distinct porous regions: matrix and fracture, the matrix which
has high storage but low flow capacity produces towards fractures which has low storage but
high flow capacity and fractures produce to the wellbore, the flow throughout the reservoir
is considered unsteady-state and single-phase.

This model is a special case from the Warren and Root model, the model considers two
fracture distributions in the reservoir. 1) The fractures are horizontal in the first case. 2)
In the second case the fractures are replaced by an equivalent set of horizontal fractures,
horizontal fractures were chosen so the equivalent flow in fractures would become radial and
converged to the wellbore.(Kazemi, 1969)

General assumptions of this model:

∗ Flow occurs in both radial and vertical directions
∗ Flow is unsteady state
∗ The reservoir is horizontal and the matrix and the fracture are each homogeneous

and isotropic
∗ There is single-phase flow
∗ The well is centrally located in a finite circular reservoir

Cinco-Ley and Samaniego Model

This model is based on the transient matrix flow formulated by de Swaan. This model
uses three dimensionless parameters to correlate the behavior of a reservoir. It also shows
that another semilog straight line of one half of the correct line could exist during the tran-
sition period in addition to the two classical parallel semilog straight lines.(Samaniego &
Cinco Ley, 1982)

The model considers:

∗ Unsteady-state radial flow of a slightly compressible fluid in a double porosity
system

∗ Assumes that the medium possesses a bulk fracture permeability and a bulk frac-
ture porosity

∗ Flow towards the well occurs only through fractures
∗ Flow from matrix to fractures is under unsteady-state conditions

8



Streltsova Model

The author presented a model to model the fluid flow behavior between the matrix and
the natural fracture considering a similar behavior to the model presented by (DeSwaan,
1976). To reach this the author discusses two assumptions on response of matrix blocks to
pressure changes at the fracture-matrix interface.
The first assumption, used in the Warren and Root model considers matrix to fracture flow
governed by a linear-diffusion process. The second assumption, employed in the gradient-flow
model, considers matrix -to-fracture flow governed by a linear-diffusion process.(Streltsova,1983)

The distributed-parameter or ”gradient” flow model predicts transitional pressure which,
when plotted vs. logarithm of time The average gradient is considered a flow distribution
parameter because the matrix pressure and its flow are not distributed linearly along the
normal direction of the fracture plane. The matrix flow is proportional to the pressure gra-
dients and storage capacity, which are not constant but depend on spatial position, thus
influencing the response time.
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2.3 Simulation modeling

2.3.1 Discrete-fracture

The explicit or discrete-fracture modeling approach represents each individual fracture within
the model domain and directly simulates flow through each fracture along with fracture–matrix
interactions. This approach is highly detailed and rigorous but is computationally de-
manding and requires extensive data on fracture and matrix geometry and spatial distri-
bution—information often lacking for natural fractures at field sites.

Discrete-fracture modeling is particularly challenging for multiphase flow and thermal pro-
cesses due to additional multiphase flow properties needed for both the fracture and matrix
systems across the reservoir (Wu, 2016).

2.3.2 Multiple INteraction Continua (MINC)

Developed by Pruess and Narasimhan (1985), MINC is an extension of the dual-continuum
model. It rigorously handles transient flow between fractures and the matrix in fractured
reservoirs by accounting for gradients in pressure, temperature, and concentration. By sub-
dividing matrix blocks near fractures, MINC allows for a more accurate simulation of fluid
and heat flow in porous fractured media.

MINC is especially useful for scenarios with extended transient flow periods, such as in
cases with low matrix permeability or large matrix blocks, where the dual-porosity model
falls short. This method supports multiphase flows with variable compressibility and phase
transitions, using an integrated finite difference approach (Wu, 2016).

Figure 2.2: “Schematic representation of the MINC model” (Wu, 2016).

2.3.3 Effective-continuum method (ECM)

ECM represents fractures and rock matrix as a single effective continuum unlike dual-
continuum or multiple-continuum models, which which treat fractures and the rock matrix
as separate interacting systems. It is often used for modeling fracture–matrix flow due to it
is computationally efficient, and it has low data requirements.(Wu, 2016)
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2.3.4 Dual-continuum

The dual-continuum model was introduced by Barenblatt et al. (1960) and Warren and
Root (1963), offers a simpler, computationally efficient alternative to the discrete-fracture
approach for modeling fluid flow in fractured reservoirs. This model uses a Representative
Elementary Volume (REV) concept, which captures many fractures or fracture networks
within a local continuum. It has been widely used for simulating fluid flow, heat transfer,
and chemical transport in petroleum, geothermal engineering, and groundwater studies.

Key variations of this model include the double-porosity and dual-permeability concepts.
In the double-porosity model, the fracture system allows global flow, while matrix blocks act
as localized sources or sinks without direct matrix-to-matrix flow. The dual-permeability
model extends this by allowing flow between both fractures and matrix blocks, represent-
ing fractures and the matrix as separate grid blocks connected locally. Both models use
a pseudosteady-state assumption to simplify fracture–matrix interactions, and these ap-
proaches are integrated into most commercial reservoir simulators (Wu, 2016).

Figure 2.3: Schematic of conceptual double-porosity model of fractured reservoirs (Warren
& Root, 1963)
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2.4 Challenges and issues

Naturally fractured reservoirs present significant challenges in reservoir simulation due to
the complex nature of the fractures and their interactions with the surrounding rock matrix.
The following points outline the main complications encountered in such type of reservoirs:

∗ Heterogeneity and Uncertainty: The inherent variability in fracture properties,
such as type, size, orientation, and connectivity, complicates the characterization
of the fracture-matrix system, leading to uncertainties in flow predictions.

∗ Flow and Transport Complexity: Understanding and conceptualizing fluid
flow and transport processes in fractured formations is difficult due to the dual
flow paths through fractures and the matrix, which can behave differently under
varying conditions.

∗ Fracture-Matrix Interaction: Accurately modeling the interaction between
fractures and the matrix is crucial, especially in multiphase flow scenarios (oil,
gas, water), where pressure gradients, permeability, and capillary forces play sig-
nificant roles.

∗ Data Requirements: Detailed knowledge of fracture and matrix properties is
often lacking, making it challenging to obtain the necessary data for effective mod-
eling at field scales.

∗ Computational Intensity: Incorporating realistic three-dimensional fracture ge-
ometries into mathematical models requires substantial computational resources,
which can limit the feasibility of comprehensive simulations.

These factors collectively pose significant obstacles to successful simulate flow behavior in a
fractured media, necessitating advanced modeling techniques, more information about the
fractures and a solid background in programming
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Chapter 3
Deep Learning

3.1 Introduction

We live in a world that is drowning in data, the needs to optimize and create solutions with-
out human intervention has been increasingly popular over the years. There have always
been dreams of creating systems capable of reproducing human intelligence, this has been
attempted with AI. John McCarthy defined AI in 1955 as “The science and engineering of
making intelligent machines”. AI tries to replicate human problem-solving abilities. They
do this by taking data, processing it, and learning from their past in order to streamline and
improve in the future. A normal computer program would need human interference in order
to fix bugs and improve processes.

ML is a subfield of AI that enables a system to learn from data rather than through explicit
programming, to achieve this, ML uses a variety of algorithms to predict outcomes. The ML
model can improve its performance through several techniques such as data optimization,
improvement in the model’s hyper-parameter settings and optimization in the way the model
is trained.

DL is a more complex branch of ML that utilizes neural networks to learn from data in
an iterative manner. The corresponding perspective on deep learning models is that they
are engineered systems inspired by the biological brains so computers can be trained to deal
with abstractions and complex problems. The neural perspective on deep learning is mo-
tivated by two main ideas. One idea is that the brain provides a proof by example that
intelligent behavior is possible, and a conceptually straightforward path to building intel-
ligence is to reverse engineer the computational principles behind the brain and duplicate
its functionality. Another perspective is that it would be deeply interesting to understand
the brain and the principles that underlie human intelligence, so machine learning models
that shed light on these basic scientific questions are useful apart from their ability to solve
engineering applications. (Ian Goodfellow & Courville, 2016)

In the context of petroleum engineering, ML and DL models have become very popular
due to the multiple applications which they can be applied and therefore increase efficiency,
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reduce costs, optimize traditional practices and improve decision-making. Today, the oil
and gas industry faces numerous challenges for a project to be profitable and the growing
need for sustainable practices have led to the creation of new technologies that can enhance
exploration, drilling, production, and reservoir management processes.

Furthermore, reservoir simulation has benefited from ML and DL models and year after
year more articles are published on the subject. Traditional reservoir simulation numerical
models can be complex and time-consuming which often requires significant computational
resources, nevertheless, AI-driven approaches have shown good performance and it has been
found that similar results can be obtained in less time.

The aim of this chapter is to present a brief explanation of how some ML and DL mod-
els are built and how they work to understand why or why not the models can be adapted
to simulate complex reservoir conditions.

3.2 Neural Networks

NNs is a ML model inspired by the structure and function of the human brain. A neural
network can have several connected layers, each neuron within a layer performs a simple
computation, but when combined into larger networks, they can learn complex representa-
tions.

Basic structure of a NN:

* Input Layer: The first layer that receives the raw input data.

* Hidden Layer: This layer process the data and extract features, the more hidden lay-
ers the NN has, more complex patterns can learn.

* Output Layer: The final layer produces the output, which can be a classification or regres-
sion value.

Each neuron takes a set of inputs, processes the information by weights which determine
the influence of one neuron on another (values the network adjusts during training) and
sums them with a bias. The sum passes through an activation function to determine its
output.

The neuron formula is presented by:

y = f

(
n∑

i=1

wixi + b

)
(3.1)
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Where:

• xi :inputs of the neuron.

• wi :weights.

• b :bias.

• f :activation function.

• y :output of the neuron.

ANN training process:

Initialization: The weights and biases of the neural network are set randomly.

Forward Propagation: The data passes through the layers, and the calculation of each
neuron is performed generating a prediction.

Loss Function: Once the network generates the prediction, it is compared to the expected
value.

Backpropagation: The calculated error is ”backpropagated” through the network, starting
from the output layer to the input layers.

Adjustment of the weights: The weights are updated to reduce the error. This adjust-
ment is done using an optimization algorithm.

Iteration: The process of forward propagation, error calculation, back propagation, and
weight adjustment is repeated multiple times until the network learns to make accurate
predictions.

Figure 3.1: ”Schematic representation of a neuron” (Roos, 2019)
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3.2.1 Deep Feedforward Neural Network

Deep Feedforward Networks (DFNs) also often called feed-forward neural networks, or mul-
tilayer perceptrons (MLPs) are a type of neural networks whose goal is to approximate a
function f ∗. A feed-forward network defines a parametric function y = f(x;θ) where x
represents our input features and θ represent the group of adjustable parameters (weight
and bias).

The information used in these models is considered feed-forward because it goes through
the function being evaluated from x, through f , to obtain a predicted output y. Subse-
quently, the back-propagation algorithm (Rumelhart et al., 1986a), often simply called
backprop, allows the information from the loss function to then flow backwards through
the network, in order to compute the gradient with respect to the model parameters (Ian
Goodfellow & Courville, 2016).

It is also important to consider that in these models there are no feedback connections
in which outputs of the model are fedback into itself. There is a model that can have feed-
back connection, this model is called Recurrent Neural Network (RNN).

They architecture of the feed-forward networks makes information goes only in one direction,
from the input layer through the hidden layer to the output layer, they are called networks
because normally they are composed by different functions. For example, here we have three
functions f (1), f (2) and f (3) connected in a chain, to form f(x) = f (1)(f (2)(f (3)(x))). In this
case this function has a depth of 3, the output layer is the outer-most function which is f (1)

in this case. f (3) is the first layer of the network, f (2) is the second layer, and so on.
Some of those layers are called hidden layers because the learning algorithm itself figures out
how to use these layers in order to achieve the best approximation of f ∗.

Figure 3.2: example of a feed-forward neural network with three layers (input, one hidden,
and output) and three neurons per layer (Buduma, 2017)

16



3.2.2 Recurrent Neural Network

Recurrent Neural Networks (RNNs) operate in a similar way as humans process information.
As you read this thesis you don’t forget every word as you continue reading, instead, you
understand each word based on your understanding of previous words, in other words, you
retain the context to understand the full meaning.
As we discussed with the DFNN, NNs can’t retain information, to achieve this, more com-
plex models were needed, so in the 1980s RNNs were introduced.

The memory process of a RNN begins with incorporating recurrent connections that al-
lows our model to ”remember” information from previous steps and enabling the network to
model temporal dependencies

Figure 3.3: An unrolled recurrent neural network (Olah, 2015)

Figure 3.3 represent an unrolled RNN where A is our model which has an input xt and out-
puts a value ht. If we unroll the loop we can visualize that the nature of RNNs are related
to sequences and lists.

In an RNN, each time step introduces new information to the model, it also carries for-
ward a summary of what it has previously seen, and it updates its ”memory” through the
hidden state, in simple terms, it “remembers” earlier inputs while processing new ones. Dur-
ing training, RNN learns temporal patterns in the data by adjusting a set of weights and
updating the hidden state at each step to minimize prediction error, enabling the network
how much past information should influence future predictions. (Olah, 2015)

Figure 3.4: An unrolled RNN handling short-term dependencies (Olah, 2015)
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3.2.3 Long Short Term Memory

The basic problem of learning long-term dependencies in recurrent networks is that gradients
propagated over many stages tend to either vanish or explode, to address this issue Sepp
Hochreiter and Jürgen Schmidhuber introduced the Long Short-Term Memory (LSTM) ar-
chitecture.
The computational unit of an LSTM neural network is called a memory cell, memory layer,
memory block or simply cell. Which contains three gates: forget gate, update gate and the
output gate. In addition, each cell has an input data xt, and data from the previous cell
ht−1. (Olah, 2015).

They key of the LSTM is the cell state which we can visualize it with the horizontal line in
Figure 3.5. This cell commonly represented as Ct helps information pass through it adding
or losing data.

Figure 3.5: LSTM state cell (Olah, 2015)

Within each cell, the LSTM has structures called gates. The first gate is often called ”forget
gate layer” which is a sigmoid layer that filters unnecessary information.

Essentially, the forget gate layer is activated by looking at the previous hidden state ht−1 and
the input data xt, and output a number between 0 and 1 for each number in the cell state
Ct−1. If the output is closer to 1 then it is labeled as relevant information and therefore, will
remain in the cell state, on the contrary, if the output has a value of 0, the information is
not relevant and will be disregarded.
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Figure 3.6: LSTM forget gate (Olah, 2015)

ft = σ(Wf · [ht−1, xt] + bf ) (3.2)

Next, we have the update gate cell that updates the cell state. This is divided into two parts.
We have a sigmoid layer called ”input gate layer” which decides the values we are going to
update (it), the values are updated and then a tanh function creates a new vector of values
(C̃t).

Figure 3.7: LSTM update gate (Olah, 2015)

it = σ(Wi · [ht−1, xt] + bi) (3.3)

C̃t = tanh(Wc · [ht−1, xt] + bc) (3.4)

A set of new value candidates is creating by updating the previous cell state Ct−1. It is
multiplied by the forget gate layer ft and added the update gate cell represented as it ∗ Ct.
This is how we get the new cell state Ct.
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Figure 3.8: Union of information to be updated in the cell state (Olah, 2015)

Ct = ft ∗ Ct−1 + it ∗ ct (3.5)

Finally we have the output gate ot which decides our output for the time t. This gate acts
as a filter thanks to the sigmoid function that creates a vector with values between 0 and 1.
Then, the updated cell state Ct is transformed using the hyperbolic tangent function and it
is multiplied by the output of the sigmoid gate.

Figure 3.9: LSTM output gate (This gate filters the information to be passed to the next
layer) (Olah, 2015)

ot = σ(Wo[ht−1, xt] + bo) (3.6)

ht = ot ∗ tanh(Ct) (3.7)
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3.3 Optimization

Optimization is a process involved in the training part of a model. In order for the model to
learn to perform a function in the most effective way, we compare the accuracy of a model
in every iteration by tuning the model’s configuration or hyperparameters. Optimization
is measured through a loss or cost function, which is typically a way of defining the differ-
ence between the predicted and actual value of data, there are a wide range of optimization
algorithms known as optimizers which employ distinct strategies to facilitate the learning
process by iteratively refining the weights and biases based on the feedback received from
the data.

Gradient Descent:
Gradient Descent (GD) is an optimization algorithm that iteratively adjusts a function’s pa-
rameters to minimize a cost function, the parameters refer to both the coefficients in linear
regression as well as the weights and biases of the neural networks. GD starts with initial
values of weight and biases at a starting point, calculates the gradient that measures the
change in all weights with regards to the change in error, and starts to move in the direction
of the deepest descent. With each iteration, GD tries to reduce the value of the cost and
eventually it will converge towards a minimum cost.

Figure 3.10: Gradient Descent algorithm (Ghassemzadeh, 2020)

Stochastic Gradient Descent:
Stochastic Gradient Descent (SGD) updates model parameters incrementally using small
batches of data rather than the full dataset. This makes it computationally efficient, it also
converges faster especially when dealing with non-convex loss functions. SGD introduces
randomness, helping the algorithm escape local minima.

Minibatch Gradient Descent:
Mini-batch gradient descent, at every iteration, we split the dataset into small batches to
compute errors and update model coefficients. This subset is called a minibatch which is
also another hyperparameter.
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Adaptive Moment Estimation:
Adaptive Moment Estimation (Adam) is best seen as a variant on the combination of mo-
mentum optimization and Root Mean Square Propagation (RMsp) with a very few important
distinctions. Adam adapts learning rates for each parameter individually using two expo-
nentially decaying averages: the first moment (mean) and the second moment (uncentered
variance) of the gradients.

3.4 Regularization

A central problem in DL is how to make an algorithm that will perform well not just on
the training data, but also on new inputs. Many strategies used are explicitly designed to
reduce the test error, possibly at the expense of increased training error, these strategies are
known collectively as regularization (Ian Goodfellow & Courville, 2016).

In this chapter, we will describe regularization focusing on regularization strategies for deep
models or models that may be used as building blocks to form deep models.

3.4.1 L1 and L2 Regularization

L1 and L2 regularization add penalty terms to the loss function to control the magnitude of
the parameters:

• L1 Regularization (Lasso): Penalizes the sum of the absolute values of the weights
(|w|). This encourages simpler models by setting some weights to exactly zero:

J(θ) = Loss+ λ
∑

|w| (3.8)

• L2 Regularization (Ridge): Penalizes the sum of the squared values of the weights
(w2), promoting more uniform distributions of parameters:

J(θ) = Loss+ λ
∑

w2 (3.9)

3.4.2 Early Stopping

When training large models with sufficient representational capacity to overfit the task, we
often observe that training error decreases steadily over time, but validation set error begins
to rise again. This means we can obtain a model with better validation set error (and thus,
hopefully better test set error) by returning to the parameter setting at the point in time
with the lowest validation set error. Every time the error on the validation set improves,
we store a copy of the model parameters. When the training algorithm terminates, we
return these parameters, rather than the latest parameters. The algorithm terminates when
no parameters have improved over the best recorded validation error for some pre-specified
number of iterations (Ian Goodfellow & Courville, 2016).
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3.5 Hyperparameters

Hyperparameters play a crucial role in the model’s performance as hyperparameters control
the complexity of the model. Normally hyperparameters have a default value, manual con-
figuration helps to control the learning process, this is achieved with hyperparameter tuning
which helps to find the sweet spot of hyperparameter settings and thus, create a more effi-
cient algorithm capable of generalize well with unseen data.

3.5.1 Number of Layers and Neurons

The number of layers and neurons in the network defines the model’s capacity to learn
patterns:

• More layers and neurons: Increases the ability to capture complex patterns but
raises the risk of overfitting.

• Fewer layers and neurons: Reduces the risk of overfitting but may not be sufficient
for complex patterns.

During the creation of the model’s architecture it is important to know that the more layers
and neurons a model has, the more complex it is going to be and it will require more hard-
ware to run efficiently.

3.5.2 Learning Rate

The learning rate (η) controls how the model adjusts its parameters during training. Proper
configuration ensures convergence and can be dynamically adjusted during training, as dis-
cussed in the optimization section.

3.5.3 Batch Size

The batch size determines how many training examples are used to update parameters:

• Small batch: Introduces noise in updates, which can help escape local minima.

• Large batch: Reduces noise but requires more memory and may hinder escaping local
minima.

3.5.4 Number of Epochs

The number of epochs specifies how many times the model processes the entire dataset
during training:

• Too many epochs: Can lead to overfitting.

• Too few epochs: Can cause underfitting.

Early stopping is useful for automatically determining the optimal number of epochs.
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3.5.5 Activation Functions

Activation functions are mathematical operations that determine wether or not a given node
should be triggered. Without activation functions, the NN would be equivalent to a linear
regression model regardless of the number of layers. They introduce non-linearity into the
model, which allows the NN to learn more complex patterns. Through the activation, NNs
can adjust their weights during training to bring the model closer to the desired solution.

Sigmoid

Calculated with the formula 3.10. This formula tells us the raw value computed by the
neuron before applying the activation function will have a very small or very large number,
the output between these extremes is an S shape shown in Figure 3.11

f(x) =
1

1 + e−x
(3.10)

Figure 3.11: Sigmoid activation function (Buduma, 2017)

Rectified Linear Unit

The Rectified Linear Unit (ReLU) function is simply defined to be 0 if the input x is less
than 0, if the input x is greater than 0, the output is equal to 1. ReLU has become popular
over the years and it is the standard activation function in some cases as a result of having
good convergence speed.

f(x) = max(0, x) (3.11)

24



Figure 3.12: ReLU activation function (Buduma, 2017)

Hyperbolic Tangent

Hyperbolic Tangent (Tanh) is similar to the sigmoid function but it has a wider range of
values, instead of ranging from 0 to 1, tanh neurons produces outputs from -1 to 1.

f(x) = tanh(x) (3.12)

Figure 3.13: Tanh activation function (Buduma, 2017)
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Chapter 4
Fractured Reservoirs

4.1 Data collection

Naturally Fractured model

In the simulation of unconventional reservoirs, it is necessary to consider the behavior and
impact natural fractures have on the depletion and production of this type of reservoirs, be-
cause of this, it is common that the formulations that have been developed for the simulation
of naturally fractured reservoirs are implemented for the simulation of the effects of natural
fractures present in unconventional reservoirs; however, many of these formulations consider
a behavior of the matrix-fracture transfer function of PSS type.

That’s why, in this case, a simulation of an unconventional model with hydraulic fracturing
effects in a horizontal well will be performed, considering a dual porosity and dual permeabil-
ity model (naturally fractured), logarithmic spacing and local refinement of the simulation
grid, better known as “DK-LS-LGR” methodology.

Due to the PSS model generates a delay in the behavior of the pressure loss of the matrix
regarding the USS model, for this thesis will be considered the USS model from Streltsova.

3D numerical model, naturally fractured and with hydraulic fracturing effects

Considering the formulation presented by (Torcuk et al. 2013) that represents the fluid
flow considering a semi-compressible fluid in a naturally fractured porous medium, where
the natural fractures are the continuous medium (where the fluid flows into the wellbore)
and the matrix blocks the discontinuous medium (where only the fluid contributes).

∂

∂x
(
kfeff
µ

Pf

∂x
) +

∂
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(
kfeff
µ

Pf

∂y
) +

∂
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µ

(
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− γ
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∂z
)) + q̂ + τ = (∅Ct)f
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(4.1)

−τ = (∅Ct)m
∂Pm

∂t
(4.2)
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With the previous development of single-phase flow equations for a reservoir with double
porosity and double permeability, we can now carry out the three-dimensional simulation
of a naturally fractured reservoir, without gravitational effects and considering a matrix-
fracture transfer function of USS type, with hydraulic fracturing effects in ’y’ direction and
with a horizontal well in ’x’ direction, as well as considering different geometries for the
representation of matrix blocks (spheres, slabs and cubes).

Model application

The synthetic simulation model is based on the model to simulate fluid flow in fractured reser-
voirs, embedding Streltsova’s unsteady-state matrix transfer into a dual-porosity framework
(Teja-Juárez et al., 2025). The semi-analytical USS formulation proposed, in a tridimen-
sional simulation grid of 35 X 35 X 15 cells (18375 dells), 1000 time steps, a slabs shape
factor and 1000 additions corresponding to the fracture matrix transfer function, Likewise,
a homogeneous distribution (isotropic model) of the petrophysical properties of the ma-
trix and the natural fracture will be considered, this is, considering that throughout the
reservoir domain there will be a single value of porosity and permeability of the matrix,
and likewise, for the natural fracture, excluding the cells that will contain the hydraulic
fracture properties through a double permeability (and double porosity) model, logarith-
mic spacing, and local refinement of the simulation grid, better known as DK-LS-LGR
(Cipolla et al. 2009; Rubin 2010; Jimenez and Aguilera 2019).

Figure 4.1: Three-dimensional simulation homogeneous model
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Approximately 200 simulation runs were performed, varying petrophysical parameters such
as permeability, porosity, and fracture width, generating a database of about 2 terabytes.
This was achieved with the support of UNAM’s supercomputer Miztli. Since the amount
of data was considerable, we selected the flowing bottomhole pressure as the target variable
in order to reduce data handling workload and focus on a parameter of great relevance in
petroleum engineering.

Figure 4.2: Reservoir parameters used in the homogeneous simulation model
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4.2 Exploratory Data Analysis

The main purpose of Exploratory Data Analysis (EDA) is to help look and understand at
data before making any assumptions. It can help identify some errors, as well as better
understand of the data sets by summarizing and plotting patterns, distribution of the data,
detect outliers and find relations among the variables. In general it is a good practice to
conduct an EDA if we are not familiar with the problem that we can to replicate because
without an EDA it would be difficult to determine which fields are related to the target
column, the dispersion of the data and all of the info we get which was mentioned before.

1.- Retrieving data

This step consists of loading the dataset and display the first 5 rows of the dataset. It helps
us to visualize a brief part of our dataset so we can know the number of columns we have,
it helps visualize if we have an anomaly or null values.

Figure 4.3: First rows of the dataset

2.- Inspection of the data

Here we are going to check that our data set has been loaded correctly, we will also check
for null values, dispersion and correlation of the data. These steps are going to help us to
comprehend and to clean our dataset.

Figure 4.4: Columns of the dataset
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Figure 4.5: Checking data types Figure 4.6: Checking for missing values

Figure 4.7: Descriptive statistics of the dataset

Figure 4.8: Distribution of the dataset Figure 4.9: Relation between the time
period and Pwf num [Psi]
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4.3 Data Normalization

After examining the data, it is helpful to transform it to help our model train more efficiently
and thus, to be more precise. Normalization is a technique which rescales the numerical fea-
tures of a dataset to a standard range.

Advantages of Data Normalization

• Ensures that all features contribute equally during training resulting in faster model
convergence.

• Standardized features improves consistency leading to more reliable results.

• Facilitates the use of techniques such as L1 and L2 regularization.

Min-Max Normalization

This normalization technique involves transforming the data in a linear way. The mini-
mum and maximum values of the data are obtained and the values are scaled to a fixed
range which usually is between 0 to 1. The formula for calculating the Min-Max Scaling is:

Xscaled =
X −Xmin

Xmax −Xmin

(4.3)

Z-score Normalization

Transforms the features so they can have the properties of a normal distribution with a
mean of 0 and a standard deviation of 1:

Z =
X − µ

σ
(4.4)

where:

µ is the mean of the feature.

σ is the standard deviation.
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4.4 Evaluation of possible models

Cross-validation is a technique that validates that a model can make accurate predictions
with unseen data after training. This is accomplished by testing our model’s behavior by
making predictions on subsets of data it has not encountered in training. It assists by re-
ducing overfitting and obtaining better decisions about the model structure and how it may
just not perform greatly on training sets but can also function effectively in environments
which it has never seen before. Here is a flowchart of typical cross validation workflow in
model training. The best parameters can be determined by grid search techniques.

Figure 4.10: Grid Search workflow (Scikit-Learn, n.d.)

TimeSeriesSplit is a variation of k-fold which returns first k folds as train set and the
(k + 1) th fold as test set. Note that unlike standard cross-validation methods, successive
training sets are supersets of those that come before them. Also, it adds all surplus data to
the first training partition, which is always used to train the model.
This class can be used to cross-validate time series data samples that are observed at fixed
time intervals.

Figure 4.11: Cross-validation behavior (Scikit-Learn, n.d.)
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4.5 Model selection and training

After finishing cross validation, we get to store the best parameters with the lowest loss for
our NN. The next step is to train once again our model with the entire dataset with the
parameters obtained from cross validation.

Our NN architecture was selected based on the results of the cross validation technique.
Batch size, l2 regularizer, learning rate, neurons per layer and number of layers were the
parameters that were used to find the best configuration.

Params Fold Loss

{’batch size’: 32, ’l2 regularizer’: 0.01, ’learn-
ing rate’: 0.001, ’neurons per layer’: 64,
’num layers’: 5}

1 0.0275

{’batch size’: 32, ’l2 regularizer’: 0.01, ’learn-
ing rate’: 0.001, ’neurons per layer’: 64,
’num layers’: 5}

2 0.0933

{’batch size’: 32, ’l2 regularizer’: 0.01, ’learn-
ing rate’: 0.001, ’neurons per layer’: 64,
’num layers’: 5}

3 0.2005

{’batch size’: 32, ’l2 regularizer’: 0.01, ’learn-
ing rate’: 0.001, ’neurons per layer’: 64,
’num layers’: 5}

4 0.0389

{’batch size’: 32, ’l2 regularizer’: 0.01, ’learn-
ing rate’: 0.001, ’neurons per layer’: 64,
’num layers’: 5}

5 0.0554

Table 4.1: Cross-validation results for different hyperparameter settings

In the picture above we can see the best configuration for our model, the full architecture is
presented in the chart below.

NN architecture

Layers 5
Nodes per layer 64

Optimizer Adam
L2 Regularization 0.01
Activation function ReLU

Epochs 1000

Table 4.2: Neural network architecture configuration
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4.6 Model evaluation

The performance of a regression model must be reported as an error in those predictions.
Regression models predict continuous numerical values so different metrics are used to assess
their performance. These metrics focus on how close the predicted values are to the actual
values and the model´s ability to explain the variance in the target variable.

Mean absolute error

Mean Absolute Error (MAE) function computes mean absolute error, a risk metric cor-
responding to the expected value of the absolute error loss or l1-norm loss.

If ŷi is the predicted value of the i-th sample, and yi is the corresponding true value, then
the MAE estimated over nsamples is defined as:

MAE =
1

nsamples

n∑
i=1

|yi − ŷi| (4.5)

Mean squared error

Mean Square Error (MSE) computes a risk metric corresponding to the expected value
of the squared (quadratic) error or loss.
If ŷi is the predicted value of the i-th sample, and yi is the corresponding true value, then
the MSE estimated over nsamples is defined as:

MSE =
1

nsamples

n∑
i=1

(yi − ŷi)
2 (4.6)

Mean absolute percentage error

Mean Absolute Percentage Error (MAPE) also known as Mean Absolute Percentage De-
viation (MAPD) is an evaluation metric for regression problems. The idea of this metric is
to be sensitive to relative errors. It is for example not changed by a global scaling of the
target variable.
If ŷi is the predicted value of the i-th sample, and yi is the corresponding true value, then
the MAPE estimated over nsamples is defined as:

MAPE =
1

nsamples

n∑
i=1

∣∣∣∣ |yi − ŷi|
max(ϵ|yi|)

∣∣∣∣ (4.7)
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Coefficient of determination

Coefficient of determination or R2 score represents the proportion of variance (y) that has
been explained by the independent variables in the model. It provides an indication of good-
ness of fit and therefore a measure of how well unseen samples are likely to be predicted by
the model, through the proportion of explained variance.

As such variance is dataset dependent, R2 may not be meaningfully comparable across
different datasets. Best possible score is 1.0 and it can be negative (because the model can
be arbitrarily worse). A constant model that always predicts the expected (average) value
of y, disregarding the input features, would get an R2 score of 0.0.

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2
(4.8)

35



Chapter 5
Validation and Application of Predictive
Models

After training our model, it is very important to evaluate it. For this project, model evalu-
ation techniques in the previous chapter were used.
In order to see if our model presents overfitting or underfitting, evaluation was performed
with the train and test set, it was also compared the real values with respect to the predic-
tions, this was carried out with representative graphs.

If the performance between the train and the test set is pretty similar, it will indicate
that the model does not present overfitting.
It is essential to visualize the performance of the model because it allows us to detect some
problems such as overfitting and underfitting, it can show us the behavior of the model,
outliers can be detected and we can compare the actual values with the predictions.

Figure 5.1: Overfitting in Regression models (Sahin, 2025)
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5.1 Comparative Analysis and Model Application

DFNN model evaluation

DFNN evaluation
Metric Train Test
MAE 5.4664 5.4483
MSE 225.4684 246.2830
R2 0.9998 0.9998

MAPE 0.5528% 0.5544%

Figure 5.2: DFNN predictions vs real values

In Figure 5.2 a line plot was generated that shows the real or actual values as a continuous
line, with the predicted values of the DFNN overlaid as individual points. This visualization
allows to visualize how well the model fits to the actual data. The predictions that are close
to the line indicate a better model performance, and, on the other hand, predictions further
separated from the line can indicate poor model performance or outliers.
As we can see in the graph, the DFNN has remarkable performance making predictions as
they are very close to the line, we can see that there are some predictions we can classify
as outliers, however, we are going to see that these values do not have a significant impact
when making new predictions.
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Figure 5.3: DFNN predictions vs real values

Due to the large volume of data, it was plotted a random subset of 100 samples to visualize
the relationship between actual and predicted values more clearly. This visualization allows
for a closer inspection to different ranges of the number of predictions made, this is helpful
to look wether the model is performing well or if there are any outliers. As we can see, our
model is performing well, indicating that the model is learning from the data.

Figure 5.4: DFNN predictions vs real values of target feature

A scatter plot was created to compare the actual values of the target variable against the
predictions of the model. In an ideal scenario, all points would lie on the identity line,
indicating perfect predictions. As we can see in the visualization, the predictions overlap
almost ideally with the actual values of the target variable.
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LSTM model evaluation

LSTM evaluation
Metric Train Test
MAE 1.6876 1.6886
MSE 148.9747 173.4291
R2 0.9999 0.9999

MAPE 0.1116% 0.1159%

Figure 5.5: LSTM predictions vs real values

Once again, the line plot of the real values against the predictions was presented, and as we
can see the predictions have some dispersion to the actual data but no outliers are presented
compared to the previous model.

Figure 5.6: LSTM predictions vs real values
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As mentioned before, this is a subset of all the predictions made so we can better visualize
how the predictions fit the real data. In this graph, we can see that the predictions made by
the model fit in an ideal way at least for the predictions plotted.

Figure 5.7: LSTM predictions vs real values of target feature

In figure 5.7, we can realize that the predictions are as accurate as expected, increasing
accuracy compared to the DFNN.
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XGBoost model evaluation

XGBoost evaluation
Metric Train Test
MAE 13.1581 13.2328
MSE 1143.8608 1141.2776
R2 0.9992 0.9992

MAPE 1.4999% 1.5449%

Figure 5.8: XGBoost predictions vs real values

In figure 5.8 we can visualize the performance of our ensemble model, as it is clear, the
performance decreases when compared to the NNs, this is due to how different models learn
as we saw in chapter 3. We can visualize that the model is having problems when handling
lower values, as a result, we have more dispersion in the predicted values.

Figure 5.9: XGBoost predictions vs real values

In figure 5.9 we can also see the lower performance of the model, analyzing that the predic-
tions are further away from the actual values.
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Figure 5.10: XGBoost predictions vs real values of target feature

In this figure is evident how in some parts of the visualization the predictions are slightly
distant from the real values but having overall good performance.
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5.2 Predictive models comparison

Metric DFNN LSTM XGBoost

MAE 5.4483 1.6886 13.2328
MSE 246.283 173.4291 1141.2776
R2 0.9998 0.9999 0.9992
MAPE (%) 0.5544% 0.1159% 1.544%
Training Time (min) 15 28 <1

Table 5.1: Evaluation metrics comparison for different models

The table above is a summary of the results of the test set metrics. It can be observed that:

1.-For the LSTM model, the MAE metric indicates that on average its predictions are closer
to the real values compared to the DFNN and the XGBoost models.

2.-The three models present a high coefficient of determination indicating all of them fit the
data very well and manage to capture nearly all the patterns or variations present in the
dataset.

3.-The XGBoost is the most time-efficient model, training in less than one minute, whereas
DFNN and LSTM require significantly more time. Although XGBoost is very fast, its
performance on error metrics is worse. Conversely, LSTM achieves the highest accuracy but
at the cost of longer training time. Therefore, depending on the application, if precision is
critical, LSTM is the preferred choice; if speed is a priority, XGBoost may be more suitable.
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5.3 Case Studies: Model Implementation and Perfor-

mance

So far we have seen the performance of the models with the data used to train and test
them. This chapter aims to evaluate the models with unseen data by comparing the results
obtained by the models against information not seen during training. To achieve this, three
runs of the original simulator were carried out using random input data.

Although we are working with synthetic cases, these constitute a reliable basis for anal-
ysis, as they allow different conditions to be represented in a controlled manner, ensure the
consistency of results, and provide a reference against which to compare models.

Every use case is structured as follows:

• Simulator input parameters, summarized in a table describing the initial conditions of
the scenario.

• Simulator results, considered as reference or “real” values, including representative
tables and the flowing bottom-hole pressure graphs.

• Results of deep learning models, obtained from the same input parameters.

• Comparison and analysis, discussing similarities and discrepancies between both out-
puts, based on error metrics and comparative visualizations.

This way, the case studies not only show how the models behave when faced with unseen
information but also identify their strengths and limitations in approximating the simulated
phenomenon.
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5.3.1 Use case 1

This case study aims to analyze the behavior of the bottom-hole flowing pressure (Pwf) in
a synthetic dry gas reservoir. The system represents a formation with natural fractures and
high-conductivity hydraulic fractures, without the presence of a liquid phase, allowing the
evaluation of single-phase gas flow under isothermal and homogeneous conditions.

In figure 5.11 we can appreciate the evolution of the flowing bottomhole pressure (Pwf )
which exhibits three characteristic flow regimes. At early times, the pressure exhibits a
rapid and nearly linear decline dominated by flow through high-conductivity fractures. As
time passes, the pressure response stabilizes, marking the transition from fracture-controlled
flow to matrix-fracture interaction, where gas transfer occurs under an unsteady interporos-
ity flow regime and the pressure difference between both media gradually decreases. At late
times, the pressure (Pwf ) declines again before reaching a new stabilization trend, reflecting
overall reservoir depletion and the establishment of a pseudo–steady-state regime character-
ized by a uniform pressure response throughout the system.

Parameters Values Units

Initial pressure 5000 [Psi]
Gas production rate qg -500 [ft3/day]
Reservoir length in x direction 1300 [ft]
Reservoir length in y direction 1300 [ft]
Matrix porosity 0.0827 [Fraction]
Fracture porosity 0.0001032 [Fraction]
Natural fracture width 0.01 [ft]
Horizontal well length in x direction 1300 [ft]
Well radius rw 0.2 [ft]
Viscosity µ 0.02 [cp]
Hydraulic fracture permeability 10000 [md]
Hydraulic fracture porosity 0.0001032 [Fraction]
Initial time differential ∆t0 1.05E-08 [Days]
Time steps 955 [-]

Table 5.2: Simulator and Model Inputs
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Figure 5.11: Use case 1 simulator graph

Figure 5.12: DFNN predictions for use case 1
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t [Days] Pwf (Predictions) Pwf (Real) % Error

1.05469E-08 4984.2294 4998.6477 0.29%
1.08315E-08 4983.5522 4997.9607 0.31%
1.11237E-08 4982.8618 4997.2616 0.27%
1.14238E-08 4982.1601 4996.5500 0.30%
1.17320E-08 4981.4438 4995.8256 0.28%
1.20486E-08 4980.7163 4995.0878 0.32%
1.23737E-08 4979.9741 4994.3363 0.26%
1.27075E-08 4979.2187 4993.5707 0.29%
1.30504E-08 4978.4482 4992.7905 0.31%
1.34025E-08 4977.6635 4991.9953 0.27%
1.37641E-08 4976.8623 4991.1847 0.28%
1.41355E-08 4976.0458 4990.3583 0.25%
1.45168E-08 4975.2148 4989.5155 0.30%
1.49085E-08 4974.3666 4988.6560 0.29%

Average % Error 0.4%

Table 5.3: DFNN Predictions vs Real Values

Figure 5.13: LSTM predictions for use case 1
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t [Days] Pwf (Predictions) Pwf (Real) % Error

1.05469E-08 4993.5649 4998.6477 0.1017%
1.08315E-08 4992.8798 4997.9607 0.1017%
1.11237E-08 4992.1821 4997.2616 0.1016%
1.14238E-08 4991.4716 4996.5500 0.1016%
1.17320E-08 4990.7490 4995.8256 0.1016%
1.20486E-08 4990.0126 4995.0878 0.1016%
1.23737E-08 4989.2626 4994.3363 0.1016%
1.27075E-08 4988.4985 4993.5707 0.1016%
1.30504E-08 4987.7202 4992.7905 0.1016%
1.34025E-08 4986.9267 4991.9953 0.1015%

Average % Error 0.04%

Table 5.4: LSTM Predictions vs Real Values

Figure 5.14: XGBoost predictions for use case 1
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t [Days] Pwf (Predictions) Pwf (Real) % Error

1.05469E-08 4919.9296 4998.6477 1.5748%
1.08315E-08 4919.9296 4997.9607 1.5613%
1.11237E-08 4919.9296 4997.2616 1.5475%
1.14238E-08 4919.9296 4996.5500 1.5335%
1.17320E-08 4919.9296 4995.8256 1.5192%
1.20486E-08 4919.9296 4995.0878 1.5046%
1.23737E-08 4919.9296 4994.3363 1.4898%
1.27075E-08 4919.9296 4993.5707 1.4747%
1.30504E-08 4919.9296 4992.7905 1.4593%
1.34025E-08 4919.9296 4991.9953 1.4436%

Average % Error 0.78%

Table 5.5: XGBoost Predictions vs Real Values

With these results, we can now be sure that our models are getting the behavior as expected.
The LSTM model had the best performance, having 0.04% error. The XGBoost was the
”worst” model despite having a percentage of error less than 1%.

Although the predictions look promising, the 3 models had their worst performance when
making the firsts and lasts predictions, reaching almost a 70% error rate with the XGBoost
model. It is also important to mention that all 3 models generated the predictions in less
than 1 minute, this represents a 93% of time reduction.

The pressure behavior is consistent in the predictions of the 3 models with the semi-analytical
results reported by (Teja-Juárez et al., 2025), where the transient-to-steady-state transition
is captured through the Streltsova-type interporosity flow function. Such behavior confirms
the model’s ability to reproduce the characteristic flow regimes of naturally fractured gas
reservoirs under single-phase conditions.
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5.3.2 Use case 2

This case study aims to analyze the behavior of the bottom-hole flowing pressure (Pwf) in
a synthetic dry gas reservoir. The system represents a formation with natural fractures and
high-conductivity hydraulic fractures, without the presence of a liquid phase, allowing the
evaluation of single-phase gas flow under isothermal and homogeneous conditions.

In figure 5.15 we can appreciate the evolution of the flowing bottomhole pressure (Pwf )
which exhibits three characteristic flow regimes. At early times, the pressure exhibits a
rapid and nearly linear decline dominated by flow through high-conductivity fractures. As
time passes, the pressure response stabilizes, marking the transition from fracture-controlled
flow to matrix-fracture interaction and the pressure difference between both media gradually
decreases. At late times, the pressure (Pwf ) declines again before reaching a new stabilization
trend, reflecting overall reservoir depletion and the establishment of a pseudo–steady-state
regime.

Parameters Values Units

Initial pressure 6000 [Psi]
Gas production rate qg -800 [ft3/day]
Reservoir length in x direction 900 [ft]
Reservoir length in y direction 900 [ft]
Matrix porosity 0.08421 [Fraction]
Fracture porosity 0.0001019 [Fraction]
Natural fracture width 0.01 [ft]
Horizontal well length in x direction 900 [ft]
Well radius rw 0.25 [ft]
Viscosity µ 0.0278 [cp]
Hydraulic fracture permeability 16000 [md]
Hydraulic fracture porosity 0.0001020 [Fraction]
Initial time differential ∆t0 1.05E-08 [Days]
Time steps 928 [-]

Table 5.6: Simulator and Model Inputs
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Figure 5.15: Use case 2 Simulator graph

Figure 5.16: DFNN predictions for use case 2
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t [Days] Pwf (Predictions) Pwf (real) % Error

1.0547E-08 5983.9653 5999.7811 0.2636%
1.0832E-08 5983.8550 5999.6680 0.2636%
1.1124E-08 5983.7388 5999.5520 0.2636%
1.1424E-08 5983.6221 5999.4332 0.2635%
1.1732E-08 5983.5020 5999.3113 0.2635%
1.2049E-08 5983.3779 5999.1864 0.2635%
1.2374E-08 5983.2524 5999.0584 0.2635%
1.2708E-08 5983.1211 5998.9271 0.2635%
1.3050E-08 5982.9893 5998.7926 0.2634%
1.3402E-08 5982.8530 5998.6547 0.2634%
1.3764E-08 5982.7129 5998.5133 0.2634%
1.4136E-08 5982.5703 5998.3684 0.2634%
1.4517E-08 5982.4238 5998.2198 0.2633%
1.4909E-08 5982.2749 5998.0675 0.2633%
1.5311E-08 5982.1191 5997.9114 0.2633%

Average % Error 0.2546%

Table 5.7: DFNN Predictions vs Real Values

Figure 5.17: LSTM predictions for use case 2
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t [Days] Pwf (Predictions) Pwf (real) % Error

1.0547E-08 5992.8257 5999.7811 0.1159%
1.0832E-08 5992.7124 5999.6680 0.1159%
1.1124E-08 5992.5972 5999.5520 0.1159%
1.1424E-08 5992.4785 5999.4332 0.1159%
1.1732E-08 5992.3569 5999.3113 0.1159%
1.2049E-08 5992.2334 5999.1864 0.1159%
1.2374E-08 5992.1045 5999.0584 0.1159%
1.2708E-08 5991.9741 5998.9271 0.1159%
1.3050E-08 5991.8394 5998.7926 0.1159%
1.3403E-08 5991.7017 5998.6547 0.1159%
1.3764E-08 5991.5605 5998.5133 0.1159%
1.4136E-08 5991.4160 5998.3684 0.1159%
1.4517E-08 5991.2686 5998.2198 0.1159%
1.4909E-08 5991.1162 5998.0675 0.1159%
1.5311E-08 5990.9604 5997.9114 0.1159%

Average % Error 0.0927%

Table 5.8: LSTM Predictions vs Real Values

Figure 5.18: XGBoost predictions for use case 2
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t [Days] Pwf (Predictions) Pwf (real) % Error

1.0547E-08 5963.9624 5999.7811 0.5970%
1.0832E-08 5963.9624 5999.6680 0.5951%
1.1124E-08 5963.9624 5999.5520 0.5932%
1.1424E-08 5963.9624 5999.4332 0.5912%
1.1732E-08 5963.9624 5999.3113 0.5892%
1.2049E-08 5963.9624 5999.1864 0.5871%
1.2374E-08 5963.9624 5999.0584 0.5850%
1.2708E-08 5963.9624 5998.9271 0.5828%
1.3050E-08 5963.9624 5998.7926 0.5806%
1.3403E-08 5963.9624 5998.6547 0.5783%
1.3764E-08 5963.9624 5998.5133 0.5760%
1.4136E-08 5963.9624 5998.3684 0.5736%
1.4517E-08 5963.9624 5998.2198 0.5711%
1.4909E-08 5963.9624 5998.0675 0.5686%
1.5311E-08 5963.9624 5997.9114 0.5660%

Average % Error 0.8341%

Table 5.9: XGBoost Predictions vs Real Values

With these results, we can now be sure that our models are getting the behavior as expected.
The LSTM model had the best performance, having 0.04% error. The XGBoost was the
”worst” model despite having a percentage of error of 0.78%.

Although the predictions are consistent, the 3 models struggled when making the firsts
and lasts predictions. It is important to mention that all 3 models generated the predictions
in less than 1 minute, this represents a 93% of time reduction.

The pressure behavior is consistent in the predictions of the 3 models with the semi-analytical
results reported by (Teja-Juárez et al., 2025), where the transient-to-steady-state transition
is captured through the Streltsova-type interporosity flow function. Such behavior confirms
the model’s ability to reproduce the characteristic flow regimes of naturally fractured gas
reservoirs under single-phase conditions.
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5.3.3 Use case 3

This case study aims to analyze the behavior of the bottom-hole flowing pressure (Pwf) in
a synthetic dry gas reservoir. The system represents a formation with natural fractures and
high-conductivity hydraulic fractures, without the presence of a liquid phase, allowing the
evaluation of single-phase gas flow under isothermal and homogeneous conditions.

In figure 5.19 we can appreciate the evolution of the flowing bottomhole pressure (Pwf )
which exhibits three characteristic flow regimes. At early times, the pressure exhibits a
rapid and nearly linear decline dominated by flow through high-conductivity fractures. As
time passes, the pressure response stabilizes, marking the transition from fracture-controlled
flow to matrix-fracture interaction, where gas transfer occurs under an unsteady interporos-
ity flow regime and the pressure difference between both media gradually decreases. At late
times, the pressure (Pwf ) declines again before reaching a new stabilization trend, reflecting
overall reservoir depletion and the establishment of a pseudo–steady-state regime character-
ized by a uniform pressure response throughout the system.

Parameters Values Units

Initial pressure 3000 [Psi]
Gas production rate qg -200 [ft3/day]
Reservoir length in x direction 900 [ft]
Reservoir length in y direction 900 [ft]
Matrix porosity 0.0834 [Fraction]
Fracture porosity 0.0001049 [Fraction]
Natural fracture width 0.0001 [ft]
Horizontal well length in x direction 900 [ft]
Well radius rw 0.27 [ft]
Viscosity µ 0.015 [cp]
Hydraulic fracture permeability 8000 [md]
Hydraulic fracture porosity 0.0001049 [Fraction]
Initial time differential ∆t0 1.05E-08 [Days]
Time steps 948 [-]

Table 5.10: Simulator and Model Inputs
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Figure 5.19: Use case 3 simulator graph

Figure 5.20: DFNN predictions for use case 3

56



t [Days] Pwf (Predictions) Pwf (Real) % Error

1.0547E-08 2989.9980 2995.7959 0.1935%
1.0832E-08 2988.1306 2993.9046 0.1929%
1.1124E-08 2986.3782 2992.1287 0.1922%
1.1424E-08 2984.7234 2990.4535 0.1916%
1.1732E-08 2983.1565 2988.8657 0.1910%
1.2049E-08 2981.6643 2987.3537 0.1904%
1.2374E-08 2980.2358 2985.9068 0.1899%
1.2708E-08 2978.8628 2984.5159 0.1894%
1.3050E-08 2977.5366 2983.1729 0.1889%
1.3403E-08 2976.2517 2981.8706 0.1884%
1.3764E-08 2974.9995 2980.6029 0.1880%
1.4136E-08 2973.7776 2979.3645 0.1875%
1.4517E-08 2972.5793 2978.1508 0.1871%
1.4909E-08 2971.4021 2976.9580 0.1866%
1.5311E-08 2970.2417 2975.7828 0.1862%

Average % Error 0.2311%

Table 5.11: DFNN Predictions vs Real Values

Figure 5.21: LSTM predictions for use case 3
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t [Days] Pwf (Predictions) Pwf (Real) % Error

1.0547E-08 2991.2239 2995.7959 0.1526%
1.0832E-08 2989.3367 2993.9046 0.1526%
1.1124E-08 2987.5647 2992.1287 0.1525%
1.1424E-08 2985.8931 2990.4535 0.1525%
1.1732E-08 2984.3086 2988.8657 0.1525%
1.2049E-08 2982.7996 2987.3537 0.1524%
1.2374E-08 2981.3557 2985.9068 0.1524%
1.2708E-08 2979.9678 2984.5159 0.1524%
1.3050E-08 2978.6272 2983.1729 0.1524%
1.3403E-08 2977.3279 2981.8706 0.1523%
1.3764E-08 2976.0630 2980.6029 0.1523%
1.4136E-08 2974.8271 2979.3645 0.1523%
1.4517E-08 2973.6160 2978.1508 0.1523%
1.4909E-08 2972.4255 2976.9580 0.1523%
1.5311E-08 2971.2527 2975.7828 0.1522%

Average % Error 0.1468%

Table 5.12: LSTM Predictions vs Real Values

Figure 5.22: XGBoost predictions for use case 3
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t [Days] Pwf (Predictions) Pwf (Real) % Error

1.0547E-08 2993.0168 2995.7959 0.0928%
1.0832E-08 2993.0168 2993.9046 0.0297%
1.1124E-08 2991.6343 2992.1287 0.0165%
1.1424E-08 2989.6460 2990.4535 0.0270%
1.1732E-08 2988.9758 2988.8657 0.0037%
1.2049E-08 2988.4834 2987.3537 0.0378%
1.2374E-08 2986.6479 2985.9068 0.0248%
1.2708E-08 2985.1775 2984.5159 0.0222%
1.3050E-08 2985.1775 2983.1729 0.0672%
1.3403E-08 2983.4163 2981.8706 0.0518%
1.3764E-08 2981.4875 2980.6029 0.0297%
1.4136E-08 2981.4875 2979.3645 0.0713%
1.4517E-08 2978.9441 2978.1508 0.0266%
1.4909E-08 2978.9441 2976.9580 0.0667%
1.5311E-08 2978.9441 2975.7828 0.1062%

Average % Error 1.184%

Table 5.13: XGBoost Predictions vs Real Values

With these results, we can now be sure that our models are getting the behavior as expected.
The LSTM model had the best performance, having 0.14% error. The XGBoost was the
”worst” model despite having a percentage of error less than 1%.

Although the predictions look promising, the 3 models had their worst performance when
making the firsts and lasts predictions, reaching a little more than 1% error rate with the
XGBoost model. It is also important to mention that all 3 models generated the predictions
in less than 1 minute, this represents a 93% of time reduction.

The pressure behavior is consistent in the predictions of the 3 models with the semi-analytical
results reported by (Teja-Juárez et al., 2025), where the transient-to-steady-state transition
is captured through the Streltsova-type interporosity flow function. Such behavior confirms
the model’s ability to reproduce the characteristic flow regimes of naturally fractured gas
reservoirs under single-phase conditions.
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Chapter 6
Conclusion

This thesis had the purpose of developing AI models to predict the pressure profile that oc-
curs in the fluid flow of a fractured reservoir, so that we have an alternative when estimating
oil recovery in a hydrocarbon reservoir. Throughout the thesis, a methodological framework
was developed, encompassing the understanding of why fractured reservoirs represent a chal-
lenge, how reservoir simulation in fractured reservoirs is carried out nowadays, the collection
of data used to train the models, the preparation, implementation and evaluation of different
DL algorithms through standard metrics.

The results obtained demonstrated that DL models, despite being more complex to train
and understand the logic behind them, provide a better ability to generalize in scenarios
characterized by low data variability; in other words, in this case the algorithms were more
efficient than a traditional deterministic model.

In terms of performance, the models presented a great efficiency despite the data did not
have a strong correlation. The LSTM model was the most accurate and the most consistent,
The DFNN stood out for being the most balanced model in terms of precision and complex-
ity, The XGBoost model although it was not the most accurate, his accuracy was not bad
at all, and it was the fastest to train. The results confirmed the initial hypothesis of which
the models can indeed replicate the outcome of a traditional reservoir simulator, and in the
meantime the models reduced the simulation time.

Future work should focus on replicating the methodology proposed in this thesis using a
larger dataset with greater variability in the input variables to further evaluate the perfor-
mance and generalization capability of the developed models. In addition, it is recommended
to to create a Graphical User Interface (GUI) so it will be easier for the final user to generate
new predictions and to obtain graphs in different formats, in different devices.
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