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EPIGRAFE

“All Models Are wrong, but some are useful.”

George E. P. Box



RESUMO

A presente tese apresenta os resultados da pesquisa do projeto: Métodos Geoestatisticos para
Definicao Do Modelo Geologico De um Reservatorio do Pre-sal. O principal objetivo do projeto é
identificar as propriedades do reservatdrio e compreender os fatores que afetam a alta heterogeneidade
do reservatério como litologia, mineralogia e propriedades do reservatério, conhecer os parametros
responsdveis pelo aumento abrupto da permeabilidade em determinados intervalos, finalmente
representar essas caracteristicas em um modelo geoldgico, identificando os algoritmos mais adequados
para a representacdo das ficies e propriedades incluindo a representacdo de fraturas e vugs. Para
atingir o objetivo principal, o estudo foi dividido em trés partes. A primeira secdo trata de
compreender as relacdes entre a composi¢do mineraldgica, facies, as caracteristicas do reservatério e a
producdo. Nesta fase, um artigo foi publicado na revista Geoenergy Science and Engineering.
“Utilizing Integrated Artificial Intelligence for Characterizing Mineralogy and Facies in a Pre-salt
Carbonate Reservoir, Santos Basin, Brazil, using Cores, Wireline Logs, and Multimineral
Petrophysical Evaluation” Este trabalho nos levou a conclusio de que as melhores zonas dentro do
reservatorio estdo associadas a facies shrubstones-spherulitestone, alto volume de dolomitas com
presenca abundante de porosidades secunddrias (vugs). O segundo artigo refere-se a identificacdo de
zonas com permeabilidade e producdo extremamente altas, que coincidem com intervalos
identificados no primeiro artigo (altas quantidades de vugs, altas concentracdes de dolomita e
representadas por facies como shrubstones e spherulitestones) e podem atender aos requisitos das
zonas super K. As abordagens tradicionais de determinacdo da permeabilidade (amostras de
testemunhos, permeabilidade por RMN ou regressdes) sdo incapazes de reproduzir os altos valores de
permeabilidade relatados em testes de producdo de tipo Drill-stem test DST, ou os altos fluxos de
producdo observados nos perfis de producdo PLTs. Esta pesquisa fornece uma nova metodologia que
inclui dados estdticos e contabiliza a porosidade das vugs e seus impactos no aumento da
permeabilidade, a serem calibrados com dados dindmicos como testes DSTs, PLT ou Indice de
Produtividade (J). além de um método inovador para estimar a probabilidade de encontrar zonas super
K. A dltima parte corresponde a construcio do modelo geoldgico que possa representar as
heterogeneidades do reservatério. Para modelagem de facies avaliaremos dois dos métodos
tradicionais Sequential Indicator Simulation SIS e Truncated Gaussinan Simulation TGS, e
incorporaremos o uso de Multi-Point Statistics MPS, para corrigir as deficiéncias apresentadas por
métodos baseados em estatisticas de dois pontos (variogramas) como SIS e TGS que sdo incapazes de
reproduzir a continuidade de corpos geoldgicos, assim como ndo sdo capazes de reproduzir corpos
geométricos complexos. Pelo contrario, o MPS é capaz de solucionar as fragilidades dos métodos
baseados em variogramas, porém € apoiado por imagens de treinamento (77) que sio representagcdes
dos modelos geolégicos conceituais. Os resultados da modelagem das facies mostraram que o método
MPS mostra melhores resultados na modelagem de facies em reservatorios complexos como o0s
carbonatos do presalt, porem a criagdo da imagem de treino representa um verdadero desafio.

Palavras-chave: reservatorio carbonatico; porosidade de vugs; geoestadistica multipunto; Super
permeabilidade ou super K; Pre-sal Brasileiro.



ABSTRACT

This thesis presents the results of the research project: Geostatistical Methods for the Definition of
Geological Model of a Pre-salt Reservoir. The main objective of the project is to identify the
properties of the reservoir and understand the factors that affect the high heterogeneity of the reservoir
such as lithology, mineralogy, and reservoir properties, to know the parameters responsible for the
abrupt increase of permeability at certain intervals, finally to represent these characteristics in a
geological model, identifying the most appropriate algorithms for the representation of the facies and
properties including the Representation of fractures and vugs. To achieve the main objective, the study
was divided into three parts. The first section deals with understanding the relationships between
mineralogical composition, facies, reservoir characteristics, and production. At this stage, a paper was
published in the journal of Geoenergy Science and Engineering. "Utilizing Integrated Artificial
Intelligence for Characterizing Mineralogy and Facies in a Pre-salt Carbonate Reservoir, Santos
Basin, Brazil, using Cores, Wireline Logs, and Multimineral Petrophysical Evaluation". This work led
us to the conclusion that the best zones within the reservoir are associated with shrubstone, and
spherulitestone facies, a high volume of dolomites with abundant presence of secondary porosities
(vugs). The second article refers to the identification of zones with extremely high permeability and
production, which coincide with ranges identified in the first article (high amounts of vugs, high
concentrations of dolomite and represented by facies such as shrubstones and spherulitestones) and
can meet the requirements of super K zones. Traditional permeability determination approaches (core
samples, NMR permeability, or regressions) cannot reproduce the high permeability values reported in
Drill-stem test DST production tests, or the high production flows observed in PLT production
profiles. This research provides a new methodology that includes static data and accounts for the
porosity of the vugs and their impacts on increased permeability, to be calibrated with dynamic data
such as DSTs, PLT, or Productivity Index (J) tests. as well as an innovative method to estimate the
probability of finding super K zones. The last part corresponds to the construction of the geological
model that can represent the heterogeneities of the reservoir. For facies modeling, we evaluated two of
the traditional methods: Sequential Indicator Simulation SIS and Truncated Gaussian Simulation 7GS,
and we incorporated the use of Multi-Point Statistics MPS, to correct the deficiencies presented by
methods based on two-point statistics (variograms) such as SIS and TGS that are incapable of
reproducing the continuity of geological bodies, just as they are not capable of reproducing complex
geometrical bodies. On the contrary, MPS can address the weaknesses of variogram-based methods,
but it is supported by training images (77) that are representations of conceptual geological models.
The results of the facies modeling showed that the MPS method shows better results in the modeling
of facies in complex reservoirs such as pre-salt carbonates. Still, the creation of the training image
represents a real challenge.

Keywords: Carbonate reservoir; Vuggy porosity; Multi-Point Geostatistics; Super permeability or
Super K; Brazilian Pre-Salt.
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1. INTRODUCTION

Carbonate reservoirs contain more than 60% of the world's oil and 40% of its gas
reserves (Akbar et al., 2000). Carbonate reservoirs account for more than half of total reserves
and production in Brazil, with discoveries in the Pre-salt play likely to drive significant
expansion (ANP, 2022). These numbers demonstrate the significance of knowing carbonate
reserves in order to get the best recovery percentage. The Brazilian pre-salt carbonate
reservoirs are challenging for a variety of reasons, including multiscale geographic
heterogeneity (Chitale et al., 2015) and the atypical origin, which is partly microbial and
lacustrine (Muniz & Bosence, 2015).

3D models of the facies and properties are generated to make the best use of the
reservoirs. These representations correspond to geological models that are built from reservoir
information such as well tops, facies descriptions, petrophysical properties measured in cores
or through well logs, seismic, among others. This reservoir information is generally collected
in a timely manner in each well, resulting in a shortage of information between wells.
Different interpolation techniques are used to fill this information missing between wells.
Conceptual sedimentological models are utilized as part of the geological characterization and
are based on geologists' interpretations of current reservoir data, local knowledge, and
analogous environments. We can learn about the geometry and proportions of the facies by
using analogous or conceptual geological models.

One of the key points to getting the best recovery factors for oil reservoirs is the
construction of a reservoir model that honors reservoir properties' distribution, as much
possible, and the relationship between facies distribution, mineralogical composition, primary
and secondary porosity, permeability, and finally production. When a model is considered
reliable it serves as a basis for simulating and predicting fluid flow, for instance, to forecast
oil and gas production and recovery efficiency, well optimization and economical studies.
Establishing a facies distribution that is consistent with the existing conceptual models is one
of the significant concerns in the characterization of the Barra Velha Formation. Techniques
such as Sequential Indicator Simulation SIS, Truncated Gaussian Simulation 7GS, and Multi-
Point Statistics MPS are utilized in conjunction with the conceptual model to create models of
facies distribution.

Sequential Indicator Simulation (SIS) is a variogram-based categorical simulation
technique developed by André Journel and Francois Alabert (Alabert, 1987). It is

implemented in most commercial software for geostatistical modeling. SIS is appropriate
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when there is no clear geological body geometry, and the spatial continuity is well described
by variograms (Pyrcz & Deutsch, 2014). Over the years, several authors (Deutsch, Journel, &
others, 1992; P. Goovaerts, 1994; Pierre Goovaerts & others, 1997; Gomez-Herniandez &
Srivastava, 1990) implemented SIS with modifications related to various estimators and the
use of secondary variables to improve the facies distribution.

Generally, SIS does not consider the available information about connectivity that
can be provided by well-test or geological interpretation for instance. Truncated Gaussian
Simulation or MPS, can deal with this problem, respecting the connectivity constraints such
as: a) “X” and “Y” cells must be connected, or b) “X” and “Y” cells must not be connected.
With TGS is easy to define several different multivariate models and hence to produce a large
variety of arrangements with different relationships between facies. The basics of 7GS consist
of the proportion of the facies and their spatial distribution and relationships. Initially, 7GS
has been introduced for reproducing a simple organization of ordered lithotypes. The
lithotypes are then obtained by thresholding a single underlying Gaussian Random Function
GRF'. It suffices to split the total domain of variation of the GRF into intervals and to assign
each interval to a lithotype (Beucher & Renard, 2016).

Multi-point geostatistics is one of the popular directions in geostatistics study,
capable of describing spatial architecture and geometry. Its application difficulty mainly lies
in creating the training image, which can be a 2D or 3D scaled representation. Multi-point
geostatistics has some advantages in geological modeling: (1) spatial coordination
relationship of complex shaped geologic bodies is taken into consideration; (2) it takes
reservoir sedimentary patterns under different hydrodynamic conditions into account. (3)
geologist’s experience is incorporated into the simulation (Zhang et al., 2016).

The current work is divided into three stages: the first stage consists of the
characterization of reservoir properties and identification of relationships between properties,
facies, mineralogy, and production; in this stage, facies estimation is performed for all wells
using supervised Al. The second step focuses on understanding the relationship between
extra-high permeability and production zones. The final stage is combining the results of the
first two stages with the conceptual sedimentological model and creating a 3D representation
of the facies using the algorithms SIS, TGS, and MPS and weighing their benefits and

drawbacks.
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1.1. Motivation

The main motivation of this integrated study is to understand the relationship
between facies/ mineralogy and reservoir properties, to understand the factors that favor the
appearance of zones with extreme-high permeability and finally identify the best algorithms
or combination of them that allow reproducing conceptual geological models, respecting the
relationships between facies, minerals, and production. This work is focused on solving some
of the greatest questions regarding production and reservoir quality in BV Formation, for
instance: is there any relationship between facies, mineralogy and reservoir properties that
could enhance production? What are the parameters that govern the existence of zones with
extremely high permeability and production? What statistical methods allow us to reproduce
with less uncertainty the conceptual geological models and the characteristics described
above? The influence of the aforementioned understanding has high impact in decision

making for the development of the Brazilian pre-salt carbonate.

1.2.  Scope and Objectives

The scope of this integrated study is focused on understanding the relationships
between facies/minerals and reservoir properties, understanding the factors that favor the
increase in permeability in possible super K zones, and finally evaluating different
methodologies for the distribution of facies with complex geometries that allow honoring the
properties of the reservoir and the facies associated with them.

The aims of this study are as follows:

1 comprehend the link between lithological components (facies and mineralogy)
and deposit attributes.

2 comprehend how geological phenomena such as cementation, dissolution, or the
presence of fractures affect reservoir parameters.

3 Determine the characteristics of possible super K zones as well as the conditions
that promote their formation.

4 present strategies for estimating permeability values in probable super K zones,
values that cannot be achieved using traditional methods like permeability measurements in
plugs or from advanced well logs like RNM.

5 examine several strategies for facies distribution while keeping the above-

mentioned properties using a conceptual geological model.
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1.3.  Structure of the Thesis

This doctoral thesis is organized into three stages intended to be peer-reviewed
articles, which are described in the following sections. The first article (Article 1) is related to
the Reservoir properties characterization and the understanding of the relationship between
mineralogy, facies, and reservoir properties, it is focused on the estimation of facies using
Artificial Intelligence. The second paper characterizes how vuggy porosity affects
permeability and presents a novel approach for combining vuggy porosity with dynamic data
like DST and PLT to estimate a permeability equation that takes into account production data
like permeability from well testing and productivity index. By taking permeability and
production into consideration, it is also possible to identify potential intervals with super K
behavior. Additionally, we are presenting a new method which considers the increment of
permeability because of the presence of the vuggy porosity to define a probability curve of
having a super K zone. Finally, article 3 is related to the construction of the geological model,
for which the preceding two articles provide crucial input. The primary goal of this phase is to
generate the distribution of facies by weighing the benefits and drawbacks of various
geostatistical methods, such as Sequential Gaussian Simulator SIS, Truncated Gaussian
Simulator 7GS, and Multipoint Statistics MPS, while bearing in mind the conceptual
geological model, which will serve as validation points to represent and honor the distribution
and continuity of facies, along with the estimated facies in each well. This last paper is

presented as a case study for facies distribution in Santos Basin.

1.3.1. Article 1: “Utilizing Integrated Artificial Intelligence for Characterizing
Mineralogy and Facies in a Pre-salt Carbonate Reservoir, Santos Basin, Brazil, using
Cores, Wireline Logs, and Multimineral Petrophysical Evaluation”.

Jean Carlos Rangel Gavidia, Guilherme Furlan Chinelato, Mateus Basso, Jodo
Ponte, Ramin Soltanmohammadi, Alexandre Campane Vidal, Robert H. Goldstein,
SeyedMehdi Mohammadizadeh. Doi: https://doi.org/10.1016/j.geoen.2023.212303

Published in a peer-reviewed journal, Geoenergy Science and Engineering

The mechanism used to generate multimineral petrophysical evaluations using
conventional profiles is described in the first article. These results were validated with X-Ray
diffraction data, allowing them to be applied to other wells with conventional well logs;

similarly, reservoir properties such as porosity, permeability, water saturation, and so on were
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estimated and validated, serving as a validation mechanism for the proposed multimineral
petrophysical model. Using the results of the mineral volumes in conjunction with the well
logs and facies described in a key well, it was possible to train and estimate facies using
artificial intelligence. Finally, the mineralogical and facies results were used to study their
relationship with reservoir properties, where production data such as PLT was taken into
account. We were able to identify that, from a mineralogical standpoint, the high presence of
dolomite favors good reservoir properties; similarly, the shrubstone and spherulitestone type
facies, which are found in areas with a high amount of dolomite, present very good reservoir
properties; these areas with very good reservoir properties are linked to areas affected by
diagenetic processes, which are represented by a high concentration of vuggy porosity, which

facilitates the increase in permeability and therefore production.

1.3.2. Article 2: “Bridging the Gap: Integrating Static and Dynamic Data for Improved

Permeability Modeling and super K Zone Detection in Vuggy Reservoirs.”

Jean Carlos Rangel Gavidia, Guilherme Furlan Chinelato, Mateus Basso, Jodo
Ponte, Gabrieal Fernandez, Alexandre Campane Vidal, Robert H. Goldstein, SeyedMehdi
Mohammadizadeh, Eltom Hassan.

Submitted in a peer-reviewed journal, Geoenergy Science and Engineering under

the number PETROL35222.

Following the identification of the relationship between lithological properties
(facies and mineralogy) and reservoir properties, we noticed intervals with extremely high
production capacities concentrated in just a few meters of thickness, exhibiting behaviors like
those described in super K zones. The extraordinarily high values of permeabilities, which are
responsible for high fluid production rates, cannot be recreated using standard methods like
core plug permeabilities or permeabilities from special well logs such as nuclear magnetic
resonance. It was discovered that the super K zones have the same characteristics as the zones
defined in the first article: high concentrations of dolomite (more than 50%) and are formed
primarily by facies of the shubstones and spherulites type, with some reworked facies
observed. However, the most notable feature of these zones is the high abundance of vuggy

porosity, which, combined with the reservoir's excellent properties, favors high production
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rates. Only the DST tests can indirectly reveal the high permeability values that these zones
exhibit, with the limitation of providing only one number that involves the full interval
covered by the test. In this study, a technique was established that allows us to correct the
permeability values of these potential super K zones utilizing corrections for the presence of

vugs and calibrating it with the permeability results of the DST tests.

1.3.3. Article 3: “Geostatistical Methods for Definition of Geological Model of A Pre-
Salt Reservoir, a case study in Santos Basin.”

Jean Carlos Rangel Gavidia, Guilherme Furlan Chinelato, Mateus Basso, Luiza
Mendez, Marilia Molina, Juan Villacreses, Alexandre Campane Vidal, Robert H. Goldstein,
SeyedMehdi Mohammadizadeh.

To be published in a peer-reviewed journal.

In articles 1 and 2 we have identified the mineralogical composition, facies, the relationships
between facies and reservoir properties, as well as the influence of diagenetic factors on the
increase in permeability, all these factors are framed within a conceptual geological model
that serves as a basis to understand the distribution of facies and the properties in the
reservoir. The next step is to analyze the different existing methodologies to represent this
conceptual geological model and which, in turn, maintains its relationship with the
distribution of properties. For this, three algorithms were used to evaluate their advantages
and disadvantages when creating the facies distribution models. The SIS model is a simple
model based on two-point statistics Variograms, which has advantages when having
homogeneous bodies but can present problems when dealing with models with irregular
geometries. The truncated Gaussian simulated 7GS model improves the continuity of the
bodies and is useful when facies transitions follow a strict order, for instance in cyclicity
facies, however, still presents the variogram dependency problem, in this case, a single
variogram is applied for all the facies. Finally, we have the Multi-Point Statistics MPS, which
is a much more complex model that overcomes the barriers of two-point statistics. However,
it depends on training images 77 that can become a real challenge when modeling the facies.
In this work, models were generated using only the SIS, TGS and MPS algorithms in a simple
way, (without conditionals) in the same way conditionals were used as seismic attributes and
facies maps that allowed improvements in the facies distribution when contrasting them with

the conceptual model.
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2. UTILIZING INTEGRATED ARTIFICIAL INTELLIGENCE FOR
CHARACTERIZING MINERALOGY AND FACIES IN A PRE-SALT CARBONATE
RESERVOIR, SANTOS BASIN, BRAZIL, USING CORES, WIRELINE LOGS, AND
MULTIMINERAL PETROPHYSICAL EVALUATION.

Jean Carlos Rangel Gavidia, Guilherme Furlan Chinelato, Mateus Basso, Jodo
Ponte, Ramin Soltanmohammadi, Alexandre Campane Vidal, Robert H. Goldstein,
SeyedMehdi Mohammadizadeh. https://doi.org/10.1016/j.geoen.2023.212303

Published in a peer-reviewed journal, Geoenergy Science and Engineering
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Utilizing Integrated Artificial Intelligence for Characterizing Mineralogy and Facies in a
Pre-salt Carbonate Reservoir, Santos Basin, Brazil, using Cores, Wireline Logs, and
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° Al integrates core analysis, logs, petrophysics for pre-salt reservoir comprehension.

° Enhanced facies classification using 3 Al techniques: SOM, Random Forest, XGBoost.
° Al informs Barra Velha mineralogy, aiding reservoir decisions.

° Diagenesis, vuggy porosity boost permeability, production.

° XRD identifies Barra Velha minerals: dolomite, calcite, quarts, stevensite.
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ABSTRACT

In complex carbonate reservoirs, it is crucial to understand the connections between
reservoir compositions (minerals, facies, and properties). Conventionally, core samples have been
used to measure reservoir parameters and identify minerals and facies. However, core samples are
limited to certain wells. Therefore, additional techniques are necessary to overcome this limitation
comprehensively. This study aims to identify key mineralogical and facies components of the Barra
Velha Formation (BVF) and their relation to reservoir parameters. Dolomite, calcite, quartz, and clay
minerals were commonly found using X-Ray Diffraction (XRD). By employing multimineral (MM)
petrophysical evaluations, we accurately recreated mineral quantities from XRD and petrophysical
properties from core analysis to ensure reliability. Replications of inputs well logs and the
mineralogical volume from spectroscopic (ECS) were used as reliability techniques for validating the
MM. A total of 471wells were analyzed using those methods. In this study, the classification of facies
was accomplished through the selection of three prominent supervised artificial intelligence
techniques, among which SOM, a widely employed method for facies estimation, was included.
Additionally, the ensemble methods of Random Forest and XGBoost were adopted due to their
recognized efficacy in handling tabular data and their track record of success in machine learning and
artificial intelligence competitions. Remarkably, the performance evaluation revealed that Random
Forest and XGBoost algorithms outperformed SOM, yielding the most favorable outcomes in this
context. An integrated analysis of mineralogical and facies results was conducted, incorporating
production data and special profiles such as nuclear magnetic resonance (NMR) and Wellbore Image
(WBI) to identify vug-containing areas. The dolomitic facies exhibited favorable reservoir qualities,
influenced by diagenetic processes represented by vuggy porosity, which enhanced permeability.
Shrubstones, spherulites, and reworked facies showed superior petrophysical qualities and were
connected with productive regions, leading to elevated dolomite concentrations, and vuggy abundance.
The study highlights two major innovations: the use of mineralogical volume from multimineral
assessments as inputs for Al-based property estimation to improve facies estimates, and the discovery
of relationships between facies, minerals, and reservoir properties, compared to production data. This
understanding allows for more accurate static model creation, optimal production interval selection,
improved hydrocarbon recovery, and better specification of stimulation processes.

Keywords: Carbonate Petrophysics; Facies estimation; Machine Learning; Flow units for reservoir
characterization; Pore Throat; Pre-salt carbonate reservoir.
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RQI Rock Quality Index
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XRD X-Ray diffraction



26

2.1. INTRODUCTION:

Because of the ongoing rise in global energy demand, traditional energy resources
have become progressively limited. Consequently, there is a requirement to redirect the
emphasis of oil and gas exploration toward more complex unconventional deposits, like
carbonates and shale (Su et al., 2023, 2018). Carbonate reservoirs hold more than 60% of the
world’s oil and 40% of its gas reserves (Akbar et al. 2000), with Brazil’s reserves and
production heavily reliant on carbonate reservoirs, especially in the pre-salt play (ANP, 2022).
Understanding the properties of highly heterogeneous reservoirs such as carbonate and shales
(composition, facies, pore geometry) is crucial for achieving optimal recovery rates (Malki et
al. 2023; Lai et al. 2023; Fu, 2023). Malki et al. (2023), highlighted the challenge of
understanding carbonate reservoirs’ characteristics and the benefits of using rock physics
techniques for their characterization. Lai et al. (2023), investigated the diverse composition
and pore characteristics of mudrocks, leading to distinct well log responses. This
understanding of the petrophysical behaviors of mudrocks broadened their application in
academic and industrial fields, benefiting geological analyses and unconventional
hydrocarbon resource evaluation. Also, Fu (2023) conducted a study on the diverse Clear
Fork carbonate reservoirs at Iatan East Howard field. Utilizing facies analysis and cycle
stratigraphy, the research identified meter-scale cycles and reservoir pores in specific tracts.
However, the Brazilian pre-salt carbonate reservoirs present unique challenges due to their
heterogeneous nature (Chitale et al., 2015; Iraji et al., 2023; Zou et al., 2023), lacustrine
setting (Muniz and Bosence, 2015), and the influence of diagenetic and structural factors
(Banfield et al., 1991; Wright and Barnett, 2017; Li et al., 2019; Hosa et al.,2020; Lima et al.,
2020; Sommer et al., 2022).

The distribution of petrophysical properties in carbonate reservoirs is controlled
by two geological processes: depositional and diagenetic processes (Lucia, 2003). To gain
insights into these processes in the Brazilian pre-salt carbonates, two hypotheses were
formulated: first, a relationship exists between depositional facies, mineralogical composition,
reservoir properties, and fluid production; second, vuggy porosity plays a significant role in
high permeability and fluid production rates.

The mineralogy of pre-salt carbonates primarily consists of calcite, dolomite,
quartz, and magnesium-rich clays like stevensite (Boyd et al., 2015; Amosu et al., 2018,
Michelena et al., 2020). This study utilizes the multi-mineral inversion approach, which has
been validated by spectroscopy well logs and X-Ray Diffraction (XRD) data, for the purpose

of mineral identification.
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The quality of the Barra Velha carbonates is influenced by secondary porosity,
including fractures, molds, and vugs, resulting in porous intervals of varying thicknesses
(Boyd et al., 2015; Hosa et al 2020; Lima et al., 2020; Mohammadizadeh et al., 2021;
Lupinacci et al., 2020). The substantial rates of fluid flow within the Barra Velha Formation
(BVF) are predominantly attributed to vuggy dolomitized carbonates present in diverse
lacustrine facies, such as coquinas, stromatolites, and travertine shrubs (Boyd et al.,2015;
Hosa et al., 2020; Lima et al., 2020; Lupinacci et al., 2020). The diagenesis process affects
layers that would normally have low porosity and permeability at such depths (4.5 to 6 km)
and the observed high porosities are likely influenced by diagenesis (Boyd et al., 2015; Quan
et al., 2023).

Due to the limited availability of detailed core facies descriptions, alternative
methods like Artificial Intelligence (Al) have become crucial for estimating facies. Al
techniques have gained significant traction in the oil and gas industries, particularly for
predicting reservoir characteristics (Babasafari et al., 2022; Liu et al., 2020). For instance, Li
et al., 2020 employed the Attention-Based Deep Dilated Convolutional Neural Network
(ADDCNN) to identify seismic facies. Liu et al., 2020 utilized the Multikernel Relevance
Vector Machine (MKRVM) to estimate facies from conventional well logs. Furthermore,
Masroor et al.,, 2023 introduced a deep learning-based workflow to predict reservoir
permeability using conventional well logs. Zhao et al., 2021 utilized XGBoost to predict
lithofacies distribution by combining seismic and well log data. Additionally, Yazid et al.,
2022} explored various machine learning algorithms, including Support Vector Machine
(SVM), Logistic Regression (LR), Neural Networks (KNN), Multilayer Perceptron (MLP),
One Class Support Vector Machine (OCSVM), as well as Supervised and Unsupervised Self
Organizing Map (SOM), for predicting facies, reservoir properties, rock typing, and
generating synthetic well logs.

To improve reservoir characterization, our research employed a comprehensive
well-log suite to assess various reservoir properties, such as mineralogy, porosity,
permeability, fluid saturation, flow units, and pore throat size. We utilized Al algorithms
(SOM, Random Forest, XGBoost) to train and estimate facies, and XGBoost yielded the best
results, achieved through hyperparameter optimization. The successful model was then
applied to the remaining wells for facies estimation.

Additionally, we integrated production data (PLT), Wellbore Image, and Nuclear
Magnetic Resonance (NMR) techniques for vuggy identification. Comparing the information

from the petrophysical evaluation and facies estimation, we found that the most productive
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facies were shrubstones and spherulites containing significant levels of dolomite (over 50%).
These facies exhibited small thickness intervals with substantial dolomite content and vuggy
porosity, leading to increased zone permeability and favoring high production rates in these
intervals. The comprehensive analysis of various data sources allowed us to gain valuable

insights into the reservoir's characteristics and optimize its productivity.

2.2. GEOLOGICAL SETTINGS

The primary focus of this scientific study lies in the analysis of the carbonate
reservoir located within the BVF, situated in the Santos Basin of southeastern Brazil (Figure
2.1). The formation of this basin can be attributed to the fragmentation of the Gondwana
Supercontinent during the Late Jurassic - Early Cretaceous period, which resulted in the
opening of the South Atlantic Ocean. This geodynamic event led to the formation of the
Brazilian Rift System, encompassing various marginal basins, including the Santos Basin
(Chang et al., 1992).

The evolution of the Santos Basin involved the progression from small grabens
with limited lakes to regional subsidence that gave rise to extensive lacustrine deposits
(Carminatti et al. 2008; Quirk et al. 2013; Gu et al. 2023).

Throughout the rift development, the Precambrian basement was unconformably
covered by basalts from the Camboriu Formation, followed by the deposition of continental
sediments from the Pigarras and Itapema formations (Moreira et al., 2007). Towards the end
of the rift phase, thermal subsidence facilitated the formation of expansive lakes characterized
by carbonates, Mg-clays, and siliciclastics, known as the BVF. Overlying the BVF are
extensive evaporites from the Ariri Formation, dating to the late Aptian. With the progressive
opening of the South Atlantic during the early Albian, a shallow marine carbonate platform
developed. However, during the middle Albian, this carbonate platform gradually submerged,
transforming into an open marine environment along a passive margin (Mio., 2005).

To comprehend the BVF in detail, three significant unconformities should be
considered. Firstly, the basal Pre-Alagoas unconformity, situated at the top of the coquina
deposits within the Itapema Formation, marks an important stratigraphic boundary (Gu et al.,
2023; Gomes et al., 2020; Moreira et al., 2007; Wright and Barnett 2015). Secondly, the
internal Intra-Alagoas Unconformity acts as a separator within the BVF, dividing it into upper
(sag microbialite) and lower (rift microbialite) sections (Gomes et al., 2020). Lastly, the Salt

Base Unconformity represents the uppermost boundary of the BVF (Gomes et al., 2020).
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Figure 2. 1. (a) Location map of the study area delimited by the blue polygon, and (b) Local

Stratigraphic chart of the Santos Basin, Brazil. The studied range is highlighted by the red
polygon. Modified from (Moreira et al., 2007; Babasafari et al., 2022).

2.2.1. Barra Velha Formation (BVF)

The deposition of the BVF took place during the Aptian age, encompassing both

the late rift and sag phases (Figure 2.1). These deposits are interpreted as lacustrine in nature,

supported by the presence of ostracods commonly found in lacustrine and restricted

environments (Wright and Barnett 2015), as well as the absence of marine fossils. The

dominant lithological components of these deposits consist of carbonates (shrubstones,
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spherulites, and intraclast rudstones/grainstones), magnesium-rich clays, and siliciclastic

rocks (Moreira et al., 2007).

Since the discovery of the Barra Velha reservoirs, numerous hypotheses have
been proposed regarding their origin and classification methods (Terra et al., 2010; Wright
and Barnett 2015; de Paula Faria et al., 2017; Lima and De Ros 2019; Gomes et al., 2020; Gu
et al 2023). These include discussions on the origin of carbonate shrub facies, debating
between their microbial or abiotic genesis (de Paula Faria et al., 2017), the development of
syngenetic magnesium-rich clays (Wright and Barnett 2015), and the formation of spherulites

(Lima and De Ros 2019).

In a recent study, Gomes et al. (2020) proposed a new classification of
sedimentary facies for the rocks in the Santos Basin, focusing on the relative contribution of
the three main rock components within the BVF: mud (represented by micrite and clay
minerals), limestone spherulites, and fascicular shrubs. This classification by Gomes et al.

(2020) was adopted for the depositional facies analysis conducted in the present study.

2.3. MATERIALS AND METHODS

For this investigation, a dataset comprising 41 wells from the Santos Basin was
utilized. The specific well names and locations cannot be disclosed due to data confidentiality.
Out of the 41 wells, nine wells were subjected to Routine Core Analysis (RCA) and Special
Core Analysis (SCAL), while 40 wells were equipped with conventional wireline logs
including Gamma Ray (GR), Resistivity (RT), Bulk Density (RHOB), Neutron Porosity
(NPHI), Photoelectric Factor (PEF), and Sonic Transit Time or compressional slowness (DT).
Additionally, advanced well logs such as Nuclear Magnetic Resonance (NMR), Wellbore
Image (WBI), and spectroscopy well logs (e.g., ECS) were available, playing an essential
function in the identification, measurement, and understanding of vuggy porosity and
mineralogy. A sedimentological characterization based on the classification proposed by
Gomes et al. (2020) was applied, covering approximately 97% of the BVF. Petrophysical
measurements and XRD analysis were accessible for a single well, which played a crucial role
in validating the results of multimineral analysis and estimating facies using ML algorithms.

The applied methodologies in this investigation are succinctly presented in a
schematic diagram (refer to Figure 2.2). Initially, one or more key wells are carefully selected,

with a focus on obtaining comprehensive information, including facies description,
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conventional and special core analysis (RCA, SCAL), X-Ray Diffraction, conventional and
special well logs, and production data or PLT. Subsequently, the petrophysical model is
developed and divided into two sections. The first section, denoted as multi-mineral MM,
involves the creation of a petrophysical model capable of accurately reproducing the
mineralogical components and properties of the reservoir. The availability of data for model
validation, such as XRD and RCA/SCAL, is deemed critical at this stage. In the second section,
the reservoir properties are classified, and petrophysical groups PG, FZI, and RRT are
identified. The facies are then partitioned into training and test datasets, ensuring the
representation of samples from all facies in both datasets. Using Al techniques and the
training dataset, the optimal algorithm is determined to replicate the existing facies. The
optuna hyperparameter framework is utilized to enhance results and obtain superior Al
parameters. Although conventional well logs (GR, RHOB, NPHI, PEF, and DT) are
commonly used as inputs, this project introduces innovation by incorporating multi-mineral
volume derived from petrophysical evaluation in conjunction with conventional well logs.
The Al algorithms employed in the study are SOM, RF, and XGBoost. The subsequent step
entails conducting an integrated analysis of petrophysical results (mineralogical components,
reservoir properties), facies, and special well logs, such as Wellbore Image for vugs
identification and PLT for production interval identification. The aim is to ascertain potential
relationships between minerals, facies, vuggy porosities, and production. A comprehensive

description of each step within the workflow is provided subsequently.
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Figure 2. 2 Schematic diagram presenting the employed methodology in the current study.

2.3.1. Petrophysical Model

The Multi-Mineral (MM) Inversion technique was employed in this study to address the
mineralogical complexity of the reservoir. The MM petrophysical inversion method is a mathematical
approach that enables the estimation of volumes of intricate lithological minerals through an
optimized simultaneous equation solver and a model combination approach (Amosu and Sun 2018;
Michelena et al., 2020). Unlike traditional deterministic petrophysical analysis methods, the MM
method solves a set of equations that incorporate wireline logs, formation component volumes, and
petrophysical parameters to initially determine the volume of each formation component.
Subsequently, it calculates various formation properties (e.g., shale volume, porosity, water
saturation) based on the derived volumes. Unlike deterministic methods, the MM method does not
follow a step-by-step approach to computing formation properties using fixed formulas. The

methodology employed for the MM method is illustrated. in Figure 2.3.
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To effectively utilize the MM method, it is essential to define the mineral components
and petrophysical parameters, as shown in Figure 2.3. Furthermore, it is crucial to define the well
logs that will be utilized and conduct quality control measures to ensure their precision, accuracy,

and integrity.
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Figure 2. 3 MM method for determining formation matrix and fluid components. (Ti = Single
Well log input, for example, GR, RHOB, etc, Vj = Single volume of the formation components,
for example, Calcite, dolomite, etc, n = number of well logs, m = quantity of formation
components, @ = porosity, Vf = fluid volume, Vw = water volume, Sw = water saturation,

Vsh = shale or clay volume). Modified from Schlumberger.

2.3.1.1. Multi-Mineral Inversion Validation

The initial step in the MM inversion process involves defining the minerals to be
incorporated into the petrophysical model. These mineral definitions should be based on XRD
analysis, mineralogical descriptions obtained from drilling cuttings, or local geological
knowledge. To validate the accuracy of the MM inversion petrophysical model, a reliable
approach is to compare the model results with actual core samples collected from the same

area (using XRD analysis). This comparison involves assessing the volume of each mineral in

the core samples and comparing it to the corresponding volumes estimated by the MM model
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Additionally, the porosity, permeability, and other petrophysical properties determined from
the core samples can be compared with the results obtained from the MM inversion (Figure
2.7, tracks 1, 2, 3 and 4). When XRD information is not available, mineralogical volume from
spectroscopic well logs (ECS) can be used as an equivalent quality check for MM data,
similarly to this, the RCA’s porosity and permeability can be used as a quality check when

compared to the outcomes of the MM inversion (Figure 2.7, tracks 6, and 7).

Subsequently, the MM model generates a set of reconstructed well logs based on
the parameters and inverted minerals. These reconstructed logs play a crucial role in assessing
the quality of the MM results (Figure 2.7, tracks 8, 9, 10, and 11), especially in wells without
XRD or core data (porosity and permeability). If the reconstruction of the logs is poor, it
indicates the presence of potential issues. These issues could be related to the log that fails to
reconstruct, another log, a constraint, invalid data (e.g., caused by a poor borehole condition
or PEF affected by barite), or the selection of one or more parameters (e.g., formation water
resistivity (Rw) or hydrocarbon type). Ensuring the accuracy of the reconstructed logs is

essential in verifying the reliability of the MM results (Herron et al., 2011; Zhao et al., 2017).

2.3.2. Petrophysical Groups — Permeability Prediction and Rock Typing

The primary objective of Rock-Typing is to establish a correlation between
geological features and petrophysical properties derived from core samples (Rebelle and
Lalanne, 2014), including FZI, PG, and R35 (the pore aperture radius corresponding to the
35th percentile of mercury saturation) (Ariffanto et al., 2018; Porras et al., 1999; Ravansalar
et al., 2020; Mohammadizadeh et al., 2021, Yazid et al, 2022).

To identify the Hydraulic Flow Unit (HFU), the Lorenz Plot methodology was
employed (Martin et al., 1997; Porras et al., 1999; Onuh et al., 2017). The Stratigraphic
Modified Lorenz Plot (SMLP) technique (Gunter et al., 1997, Yazid and Gaci, 2022) is
preferred when determining the minimum number of flow units in a reservoir. SMLP, when
applied to a single well, resembles the gradients of a Production Log Tool (PLT) profile
versus depth. The shape of the SMLP curve reflects the flow performance of the reservoir and
captures flow units in their stratigraphic order. Segments with steep slopes, referred to as
“speed zones” (Chopra et al., 1987), possess a higher percentage of reservoir flow capacity
relative to storage capacity (Figure 2.13, tracks 3 and 4). They are synonymous with hydraulic

units. Flat segments in SMLP represent tight reservoirs with storage capacity but limited flow
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capacity. Segments without flow or storage capacity can act as seals or baffles. Flow units
(speed zones, tight zones, and seals) can be identified by observing changes in slope or
inflection points in the SMLP curve (Gomes et al., 2008). If available, PLT data can be used to
validate flow unit identification from SMLP (Figure 2.13).

The FZI method, proposed by Amaefule et al. (1993), utilizes geological attributes
such as texture and mineralogy to distinguish different pore geometries (hydraulic units). It
helps identify the geological variables that control fluid flow, particularly in terms of pore-
throat size and permeability. To calculate FZI, the Rock Quality Index (RQI) is computed
using Equation 2.1 (Ariffanto 190 et al., 2018; Ravansalar et al., 2020; Mahjour et al. (2022).

RQI = 0.0314\/% @2.1)

Where K and @ represent the permeability and porosity respectively. The resulting RQI

is then utilized to estimate FZI using Equations 2.2 and 2.3.
?

@y = - (2.2)
Fzl =% (2.3)
Dz
By rearranging Equation 2.3 and employing logarithms:
log log RQI =log log FZI +log log @, (2.4)

On a log-log plot of RQI versus @, samples with similar FZI values align along a
straight line with a unit slope (Adnan and Abed, 2014; Mahjour and Faroughi, 2023; Shalaby
et al., 2023) (Figure 2.4). Samples with different FZI values are positioned on parallel lines.
The FZI constant can be determined from the intercept of the FZI straight line at @, = 1.
Samples falling on the same straight line exhibit comparable pore-throat characteristics and
form Petrophysical Groups (PG). The permeability of a given sample point can be calculated
from the relevant PG, mean FZI value, and corresponding sample porosity using Equation

2.5.

@3
(1-9)?

K =1014.24 « FZI? « (2.5)
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Figure 2. 4 Log RQI vs Log Pz, straight lines represent FZI constant value.

To classify reservoir rock into five petrophysical categories based on pore throat
radius or pore types, the Winland R35 relationship was employed (Ravansalar et al., 2020).
The Winland R35 method utilizes an empirical relationship between porosity and
permeability, with the most significant statistical correlation observed when the pore throat
size corresponds to the 35% of cumulative mercury saturation curve. In this context, the pore

throat radius is denoted as R35. Equation 2.6 (Haikel et al., 2018).

log log R35 = Kair —0.864 log log @ (2.6)

Where R35 represents the pore aperture radius (in microns) corresponding to the
35th percentile, kair is the uncorrected air permeability in millidarcies (mD), and @ denotes
porosity in percentage (%). Table 2.1 presents the pore types and their corresponding size

ranges (Martin et al., 1997; Porras et al. 1999).
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Table 2. 1 Port size categorization.

Pore Type R35 (u)
Mega >10
Macro 2-10
Meso 05-2
Micro 0.1-0.5
Nano <0.1

Reservoir rock typing RRT is a process that characterizes geological facies based
on their dynamic behavior (Gomes et al., 2008; Mavaddat et al., 2016). It involves integrating
geological parameters (facies) and petrophysical parameters (Petrophysical Groups, Flow
Units) with dynamic features obtained from SCAL, such as capillary pressure, relative
permeability, sweep efficiency (ED), and wettability, to characterize the flow behavior of the

reservoir.

2.3.3. Facies Classification

The use of Al in geosciences is expanding quickly and now includes lithology
prediction and facies identification (Li et al., 2020; Liu et al., 2020). In this study, facies
classifications are employed based on a previous well description, adapted to the
nomenclature proposed by Gomes et al. 2020. Nine facies are identified, including Anhydrite

(Anh) in the upper part of the BVF, representing the transition to the BVF in the key well.
Calcimudstone (Ca - Md), Dolomudstone (Do — Md), and Silicimudstone (Si — Md)
primarily consist of mudstones with a dominant mineral concentration of calcite, dolomite, or

silica respectively.

Spherulitestone (Sph) and Shrubstone (Shr) represent in situ carbonates composed

of more than 90% shrubs and spherulites. Grainstone/Rudstone (Gr — Rd), Volcanic
Grainstone (Vol- Gp, and Volcanic Rudstone (Vo/-Rd) correspond to reworked facies

comprising intraclasts. /o/-Gr and o/ — Rd are present in minor quantities and primarily

located in the lower part of the BVF.

Given that the key well already encompasses facies classifications covering 97%
(166.61 m out of 171.09 m) of the BVF, a supervised ML approach was employed to classify
depositional facies. ML has demonstrated its efficiency and effectiveness in geological facies

classification, petrophysical rock typing, and various other applications (Xu et al., 2019). For
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this study three ML algorithms were employed: Self-Organizing Maps (SOMs), Extreme
Gradient Boosting (XGBoost), and Random Forests (RF).

SOM, also known as Kohonen Maps (Kohonen, 1982), originally designed for
unsupervised learning, offers a discrete representation of the dataset as a map or topological
map (Figure 2.5). The algorithm maps high-dimensional inputs to a low-dimensional regular
grid using Euclidean distance measurement and competitive learning. Competitive learning
allows multiple nodes in the neural network to compete for responsiveness to a given signal,
thereby enhancing specialization and classification accuracy. The Kohonen SOM is a form of
artificial neural network approach that creates units (neurons) based on the similarity of
component concentrations in the sample (Duyck et al., 2023). The results are presented on a
map using a distance metric, wherein nearby neurons are also associated. This means that
points in the input space that are close to each other are mapped to nearby map units in the
SOM.

Despite being commonly applied in unsupervised learning tasks such as
clustering, visualization, and dimensionality reduction, SOMs can also be employed in a
supervised mode by incorporating indexation inputs, like facies curves or core observations,
to calibrate the map and establish relationships between inputs (wireline logs) and outputs
(facies or core observation) (Lu et al., 2020; Khalid et al., 2020). The indexation input in this
case is the facies training dataset.

RF decision tree regression, an Ensemble approach based on the principles of
Decision Trees (DTs), is used in this study (Kannaiah and Maurya, 2023). The ensemble
approach is a machine learning strategy that combines different base machine learning models
to create and optimize a single and superior prediction model (NVIDIA, 2023; Ramos et al.,
2023). A single decision tree is susceptible to over-fitting and can generate errors, especially
when learning from the entire dataset and being influenced by noise or when the dataset is
dominated by a single feature (Kannaiah and Maurya, 2023). Such over-fitting can
significantly impact the predictor model’s output. To address this issue, ensemble techniques
employ three methods: bagging (to reduce ML model variance), boosting (to reduce model
bias), and stacking (to increase model accuracy).

RF adopts the bagging technique, wherein all individual trees are trained in
parallel using a fraction of the main dataset, ensuring no interaction occurs while building the
trees. The mean of individual tree outputs is used to obtain the final output. Bootstrapping is
the process of subsampling the dataset in this manner for an individual tree (Bressan et al.,

2020), guaranteeing that no two decision trees produce identical results when trained on the
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same data. Each bootstrapped tree, denoted as N, is trained independently, providing N
different predicted outcomes (Pi), where Pi represents the forecast of the nth bootstrapped
tree (Figure 2.5).

XGBoost, which stands for Extreme Gradient Boosting, is another ensemble
method based on Decision Trees (DTs) that utilizes a gradient descent-based boosting
formulation. Unlike bagging, boosting enhances subsequent tree learning by addressing the
weaknesses of earlier trees (Dev and Eden, 2018a, b; Kannaiah and Maurya, 2023).
Consequently, instead of being constructed simultaneously as in Random Forest, each tree is
created sequentially (Figure 2.5). In the event that a weak learner fails to properly fit the
training data and predict specific predictor values, more emphasis is given to the subsequent
learner to improve tree accuracy and prediction (Yang and Shami, 2020). The final model is
akin to a linear regression model with multiple terms, with each term being a decision tree
(Schuetter et al., 2018; dos Santos et al., 2021). A loss function is employed to evaluate the
performance of weak learners by calculating the difference between expected and true values,
known as residuals (Xie et al., 2018; NVIDIA, 2023; Zou et al., 2023). This residual is
incorporated as a feature in the subsequent tree, and the loss function is minimized to further
reduce error. The following trees are created in a similar manner until a robust model is
achieved.

SOM employs clustering to organize classes, while RF utilizes the predictions
from each tree and determines the final output based on majority votes. The greater number of
trees in the forest results in higher accuracy and mitigates the risk of over-fitting. XGBoost
applies gradient boosting, which modifies the sample distribution as weak learners train on
the remaining residual errors of a strong learner. The contribution of each weak learner to the
final prediction is determined through a gradient optimization process to minimize the overall
error of the strong learner (Liu et al., 2020; Zou et al., 2023; Bhattacharya et al., 2022).

Evaluating the data’s fitness using any ML model is an essential aspect of
hyperparameter optimization. Hyperparameters are parameters that govern the learning
process in machine learning algorithms. Fine-tuning these parameters is crucial to build the
most accurate predictive ML model (Kampakis et al., 2022). Different sets of hyperparameters
can lead to underfitting or overfitting of the ML model. Additionally, while the model may
perform well during training, it might not predict accurately with test data. Tuned
hyperparameters are employed to find the optimal balance between bias and variance,
achieving low bias and low variance, also known as the sweet spot. To find the best feasible

models considering the input dataset and algorithm, we utilized the Opfuna hyperparameter
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optimization framework (Akiba et al., 2019). This optimization involves an exhaustive search
of all potential hyperparameter spaces, testing promising combinations and pruning
unpromising ones. This stage is critical in identifying the most suitable models given the input

dataset and algorithm.
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Gupta, 2022).
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2.3.3.1. Input/training — Test Dataset

For conventional facies estimation/classification in ML, the commonly used input
parameters are conventional wireline logs such as GR, RHOB, NPHI, RT, PEF, and DT. In
our approach, we expanded the input parameters by incorporating mineralogical volumes,
including clay volume (Vsh), quartz volume (VQrz), calcite volume (VCal), and dolomite
volume (VDol), obtained from the previous MM petrophysical characterization step (Figure

2.6).
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Figure 2. 6 Input data used in ML: track 1, GR); track 2, Compressional Slowness (DTCO);
track 3, Formation density (RHOB); Neutron Porosity (NPHI); and Photoelectric Formation
Factor (PEF); track 4, Mineralogical volume from MM analysis (volume of dolomite red
color, volume of calcite in blue, volume of quartz in yellow and clay volume in gray); and
track 5, real facies without splitting, track 6 Facies training dataset corresponding to 70% of

the total facies.
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In machine learning, datasets are typically divided into two subsets: the training
dataset and the testing dataset. The training dataset, which is a portion of the actual dataset, is
used to feed the ML model, enabling it to discover and learn patterns. This process trains the
model. The testing dataset serves as a separate subset used to evaluate the performance and
progress of the trained model, as well as to optimize it for improved results (NVIDIA, 2023).
In geosciences, the training and testing datasets can consist of data from a single well or a
combination of data from multiple wells (GoogleDevelopers, 2022). The test data should
accurately represent the actual dataset and be sufficiently large to yield meaningful
predictions.

In data science, it is common to allocate 80% or 70% of the data for training, and
20% or 30% for testing (NVIDIA, 2023). However, due to the imbalanced distribution of
facies in our dataset (as shown in Figure 2.17), we employ stratified splitting to ensure that
each facies is represented in both the training and testing datasets. Stratified splitting involves
dividing the data in a way that maintains the proportional representation of each class (facies)
in both subsets. This approach is particularly useful when the selected strata column contains

categories that need to be balanced (SQL-Server-Team, 2019).

2.3.3.2. Evaluation of the Facies Classification Model

In this study, the prediction accuracy metric, which is commonly used for
classification tasks, is not suitable due to the imbalanced nature of the dataset (Brownlee,
2020; Iraji et al 2023, Zhu et al.,2023). Instead, alternative metrics such as precision and
recall scores are more appropriate as they focus on the performance of the model with respect

to the minority class.
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Precision calculates the ratio of correctly predicted positive examples to the total
number of positive examples. By maximizing precision, false positives can be minimized

(Equation 2.7).

.. TruePositives
Precision = — — (2.7)
TruePositives+FalsePositives

Recall, on the other hand, calculates the ratio of the total number of correctly
predicted positive examples to the total number of positive examples that could have been

predicted. Maximizing recall helps in minimizing false negatives (Equation 2.8).

TruePositives

Recall = (2.8)

TruePositives+FalseNegatives

To provide a comprehensive summary of the model’s performance, a single score

that combines both precision and recall, known as the F7-score, can be used. The F7-

score is particularly useful when dealing with imbalanced class problems (Kampakis, 2022).

It provides a balanced measure by averaging precision and recall, taking into account both

false positives and false negatives.

2xPrecision*Recall
F1 — score = (2.9)

Precision+Recall

24. RESULTS

This section presents a detailed account of the findings obtained through the
methodology employed. The initial focus is on a key well situated within the Santos Basin,
which possesses the complete dataset necessary for the successful execution of the entire
workflow. Subsequently, the analysis is extended to encompass a group of wells located in the

BVF within the Santos Basin.
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2.4.1. Petrophysical Model

In the context of an integrated petrophysical characterization, it is essential to
consider all pertinent reservoir data, which encompasses both geological aspects such as
mineral composition and facies distributions, as well as reservoir properties including
porosity, permeability, shale volume, water saturation, and others. Comprehensive
consideration of these factors is crucial to obtain a holistic understanding of the reservoir
(Herron et al., 2011; Zhao et al., 2017). Moreover, particular attention should be given to the
mineralogy of the formation, as minerals exert a substantial influence on petrophysical
properties. Therefore, a thorough assessment of mineralogy is imperative in order to

accurately interpret and comprehend the petrophysical behavior of the reservoir.

24.1.1. Multi-Mineral Inversion

Due to the intricate mineralogical composition of the reservoir, a MM
petrophysical model was developed to address the complexity. The mineral composition was
determined using 703 XRD samples, spaced at intervals ranging from 5 to 30 cm, which
covered 97 percent of the total formation length. Additionally, 741 core plugs were employed
for the validation and calibration of the petrophysical outcomes. Figure 2.7, specifically track
1, presents the primary mineralogical components identified through XRD analysis, including
Calcite (depicted in “light blue”), Dolomite (“red”), Quartz (“yellow”) as matrix components,
Lllite (“gray”), and Smectite (stevensite) (“dark green”). The MM inversion utilized wireline
logs such as GR, RT, RHOB, NPHI, PEF, and DT as input data. To validate the accuracy of
the mineralogical model, a comparison was made between the MM results (tracks 2, 3, 4, and
5) and the XRD minerals (tracks 1, 3, 4, and 5 in Figure 2.7). The MM inversion exhibited a
high degree of fidelity in reproducing the volume of minerals identified through XRD

analysis. Furthermore, tracks 6 and 7 in Figure 2.7 demonstrate the comparison between core
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porosity and permeability (represented by red dots) and the porosity and permeability derived
from the MM inversion (depicted by black lines), particularly in cases where XRD data is not
accessible, this core data counts as an MM validation parameter. Additionally, the original
input well logs, including density, neutron, and PEF (tracks 9, 10, and 11 represented by red
lines), were compared with the reconstructed well logs obtained from the computed formation
components using the MM model (tracks 9, 10, and 11 depicted by black lines), the
reconstruction of the input profiles can serve as a quality control measure for the MM,
similarly to XRD and core data, particularly in cases where XRD or core data is unavailable.
Figures 2.7, 2.8, and 2.9 illustrate the correlation between core porosity and permeability, as
well as the relationship between input well logs and porosity, permeability, and the

reconstructed well logs obtained through the MM model.



46

Menerai X RO
|

ST L O Gumiiiire |
p e gy e

TGuarT|_ POR | PERM | RHGA RHMOB Rec| NPHI Rec | PEF Rec
-au]i'.lz. ! 3 L D}c I z-s_f: 04 “-I:I_II.D B L |
Dre
WRE CPOR CPERM | 5. pen RHOE NPHI PEF

@ NABE o BEBIGEE ww 0 iED = b

1 [ ) L]
. | !
-
5' []
\' Ll -
-
(]

Figure 2. 7 Multi-Mineral inversion, quality control and Validation of the Multi-Mineral
model, Track 1: minerals from XRD, track 2 Minerals from MM inversion, tracks 3, 4, and 5
direct comparison between XRD minerals Values (points) vs minerals from MM inversion
(lines), tracks 6, 7, and 8 comparisons from RCA Porosity, permeability and grain density
(Dots) and porosity, permeability and grain density from MM inversion (continues lines)

tracks 9, 10, and 11 comparisons between inputs well logs (density, neutron, and

photoelectric factor).

The reconstructed curves derived from the MM inversion play a crucial role in the
validation process. Specifically, Figure 2.7 tracks 9, 10, and 11 exhibit the reconstructed and

raw inputs for density, neutron, and photoelectric factor, all of which exhibit a correlation

factor exceeding 95% (Figure 2.8).
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Reconstructed RHOB and (b) PEF, Vs raw input data.

2.4.1.2. Petrophysical Properties and Rock Typing

The primary objective of generating a petrophysical model is to accurately
estimate key reservoir properties such as porosity, permeability, water saturation, among other
properties. A common approach to assess accuracy is by comparing model results with
petrophysical measurements obtained from core plugs or full-diameter core samples. In our
study, the results obtained from 741 core plugs are presented in Figure 2.7 tracks 6 and 7
(porosity), and Figure 2.9 (permeability), represented by data points. The porosity values
derived from core data range from 2.6% to 26.5%, with a mean value of 9.6%, while the
porosity estimates from the petrophysical model (MM) range from 1% to 24%, with a mean
value of 7.8% (Figure 2.9, Table 2.2). Similarly, core permeability values range from 0.007 to
461 mD, with a median value of 30 mD, while the permeability estimates from the MM model
vary from 0.002 to 24 mD, with a mean value of 15 mD (Figure 2.9, and Table 2.2). The

Pearson correlation coefficient (r) between porosity and permeability are 0.738 and 0.370,

respectively.
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Figure 2. 9. Properties correlation: (a) MM porosity vs. Core porosity, (a) MM permeability

vs. Core permeability.
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Table 2. 2. Statistics for correlation of porosity and permeability MM Vs. Core Properties.

MM ® Core @ MM Perm  Core Perm

Mean 0.096 0.078 30.628 15.78
Standard Error 0.003 0.004 5.346 3.213
Median 0.088 0.064 6.267 1.032
Standard Deviation 0.047 0.056 60.959 36.635
Range 0.238 0.240 461.125 239.998
Minimum 0.027 0.001 0.007 0.002
Maximum 0.265 0.241 461.132 240
Correl. Coeff (r) 0.738 0.37

R® 0.545 0.1367

Using a histogram of the Flow Zone Indicator (FZI) values and their respective
cumulative frequency distribution it was possible to define eight main flow zones or
Petrophysical Groups (PG) (Figure 2.10). The values for each FZI zone or PG are provided in
Table 2.3.
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Figure 2. 10 (a) FZI histogram and (b) its Cumulative frequency distribution, used for
defining the number of FZIs.



49

By employing Equation 2.5 alongside the mean FZI value for each Flow Unit (as

presented in Table 2.3), we established permeability equations for individual HFUs

(Hydrocarbon Flow Units), denoted by the subsequent equations:

K = 1014.24 = (0.06)? (1?;)2
K =1014.24 * (0.141)% « (f;z
K = 1014.24+ (0.442)7 « -2
K =1014.24 % (1.41)% % (1?:;)2
K = 1014.24 * (4.475)% * (ﬁ;z
K =1014.24 % (10.189)? « (1?;)2
K = 1014.24  (19.857)2 « (ﬁ;)z
K = 1014.24 = (35.635)2 « (1?:,)2

Table 2. 3 Statistics for FZI zones /PG

FZI_DIS (PG) FZIMIN  FZIMAX  FZI AVE KMIN KMAX KAVER
FZI-1/PG-1 0.054 0.066 0.060 0.002 0.008 0.005
FZI-2/PG-2 0.066 0.215 0.141 0.002 0.106 0.016
FZI-3/PG-3 0.215 0.669 0.442 0.002 4.88 0.285
FZI-4/PG-4 0.669 2.150 1.410 0.002 116 5.754
FZI-5/PG-5 2.150 6.800 4.475 0.005 613 53.981
FZI-6/PG-6 6.800 13.577 10.189 0.012 883 181.128
FZ1-7/PG-7 13.577 26.137 19.857 7.01 3530 584.311
FZI-8/PG-8 26.137 45.133 35.635 94 4070 1337.400

(2.10)

(2.11)

(2.12)

(2.13)

(2.14)

(2.15)

(2.16)

(2.17)
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Using FZI classification allows us to keep a control in terms of permeability

variations (Figure 2.11).
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Figure 2. 11 (a) log-log RQI vs ®Z , the straight lines represent different FZIs. (b) Core
Permeability vs Porosity. The colors represent the same F ZI defined in the (b), the black line

is the regression using all the points.

In the context of complex carbonate reservoirs, it is customary to categorize their
properties based on factors such as pore type (mega, macro, meso, micro, and nano) or by
employing petrophysical groups (PG), as depicted in Figure 2.11. Given the considerable
heterogeneity, we opted for the use of PG to partition the reservoir properties. This approach
allows for a more precise division and provides an improved methodology to estimate the
properties due to the ability to define the number of PGs accordingly.

The correlation coefficient (R*) between the permeability obtained from the FZI
equations and core permeability is 0.8985, indicating excellent agreement for a heterogeneous

reservoir (Figure 2.12).
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FZI Permeability Vs Core Permeability
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Figure 2. 12 Scatter plot permeability based on FZI and core permeability, with a correlation

coefficient ( R’ = 0.8985 ).

To estimate permeability for wells lacking core data, we transformed the FZI values

presented in Table 2.3 into discrete values or petrophysical groups (FZ/-7 to FZ/-8). ML

techniques were then employed in conjunction with conventional well logs to estimate the
petrophysical groups, and the proposed equations for the BVF (Equations 2.10 to 2.17) were
utilized to estimate permeability.

Furthermore, alongside evaluating the RQI and FZI, we performed computations to
ascertain the flow capacity, storage capacity, and categorization of pore sizes (known as Pore
type). To provide a visual depiction, we have included Figure 2.13. Regarding pore size, the
primary classification is dominated by meso pores, which have sizes ranging from 0.5 to 2
microns. However, there are some pores, particularly in the production zones, which exceed 2
and 10 microns. This information can be observed in Figure 2.13, specifically in track 6. The
values obtained from FZI, and flow capacity align with the characteristics of the production

zones. The testing covered a total length of 117 meters, divided into two intervals. The upper
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zone spans 40 meters, housing production zones B and C, while the lower zone extends for 77

meters, including interval A.
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Image (UBI), 3) Flow Capacity, 4) Storage Capacity, 5) FZI, 6) Pore Type, 7) Perforations,

and 8 & 9) single and cumulative values from Production Logging Tool (PLT).

To define RRT, we combined facies classification, pore types, petrophysical
groups, capillary pressure, relative permeability, displacement efficiency (Ed), and

wettability, as depicted in Figures 2.14, 2.15, 2.16, and Table 2.4.
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Table 2. 4 Resume of parameters for defining reservoir Rock typing classification, including

SCAL, Flow zone indicator, petrophysical groups, relative permeability, and wettability.

Sample PHI . Pore FZl PG Swi Sor Ed RRT  Wettability
(%) mD Type
7 131 1338 Mega 16.54 FzI-8 18.57 27.67 0.66 1 Oil
9 179 469 Macro 5.52 FzI-8 20.54 30.01 0.62 1 Oil
11 249 399 Meso 140 FzZI-8 20.25 28.03 0.65 1 Oil
13 135 154 Meso 140 FzI-8 169 48.77 0.41 1 oil
16 159 145 Mega 21.05 FzI-8 17.5 40.22 0.51 1 oil
1 16.3 857 Macro 3.70 FzI-8 239 32220 0.58 2 oil
3 145 1157 Macro 3.70 FzI-8 29.8 23.20 0.67 2 Mixt
6 6.8 135 Meso 1.03 FzZI-8 32.8 23.80 0.65 2 oil
8 152 214 Mega 16.54 FzI-8 30.58 22.09 0.68 2 oil
10 115 793 Macro 552 FzZI-8 25.06 29.87 0.60 2 Oil
12 9.4 265 Meso 1.40 FzI-8 33.57 32.73 0.1 2 Qil
14 106 1.63 Mega 19.18 FzI-8 28.3 21.86 0.70 2 Qil
15 12.8 212 Mega 19.18 FzI-8 29.6 30.55 0.57 2 oil
17 152 148 Mega 21.05 FzI-8 23.6 15.21 0.80 2 Qil
2 14.0 4.02 Macro 3.70 FzI-8 30 2540 0.64 3 oil
5 93 194 Meso 1.03 Fz-8 31.3 17.40 0.75 3 Mixt
4 9.7 346 Meso 1.03 FzZ-8 395 2360 061 4 Mixt

The correlation between facies and petrophysical groups is evident in Figure 2.14,

where petrophysical groups PG-6, PG-7, and PG-E& exhibit superior reservoir properties.

These groups predominantly comprise facies types Shrubstones and spherulitestones. Four
distinct reservoir rock types (RRT) were established based on dynamic properties. The
classification of rock typing, as depicted in Figures 2.15 and 2.16, incorporates capillary

pressure and relative permeability, and their representation in the permeability-porosity cross
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plot is illustrated. Lastly, Table 2.4 provides a summary of the primary static and dynamic
properties associated with each RRT.

2.4.2. Facies estimation using Machine Learning

During the examination of the BVF in the key well, a comprehensive analysis was
conducted on a 161-meter section. A total of nine distinct facies were identified and
characterized. The two most abundant facies encountered were Shrubstone and
Spherulitestone, followed by Grainstone — Rudstone and Calcimudstones. The presence of
Anhydrite was limited to the upper portion of the BVF, indicating a transitional boundary
towards the Ariri Formation. Dolomudstones and Siliceous-Mudstone facies were observed
consistently throughout the BVF, exhibiting variations in thickness ranging from a few
centimeters to a few meters. It is important to note that there exists an imbalanced distribution

of facies, with certain facies predominating over others, as depicted in Figure 2.17.
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Figure 2. 17 Facies distribution in the BVF, representing an imbalanced dataset. Anh =
Anhydrite, Ca — Md = Calcimudstone, Do — Md = Dolomudsttone, GR — Rd =
Grainstone/Rudstone, Shr = Shrubstone, Si — Md = Siliceous-Mudstone, Sph =

Spherulitestone, Vol — Gr = Volcanic-grainstone, and Vol — Rd = Volcanic-Rudstone.

The XGBoost algorithm demonstrated superior performance in estimating facies,

as indicated by the results presented in Figure 2.18 for tracks 8 and 9, along with the
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corresponding findings in Table 2.5. In Figure 2.18, tracks 4, 5, 6, and 7 provide visual
representations of the acoustic impedance (RHOYV), uranium-thorium ratio (HTUR), thorium-
potassium ratio (HTPR), and uranium-potassium ratio (HUPR), respectively. These well logs
were employed to partition the BVF into three distinct zones. Both RF and XGBoost use
hyperparameter optimization with the opfuna framework, and the parameter combinations that
produced the best results are as follows: Learning rate (0.21879), Max Depth (9) and number
of estimators (1094) for XGBoost; number of estimators (443), criteria (entropy), Max Depth
(118), Max features: Squared root for Random Forest.

Table 2. 5 Metrics for selecting the best ML facies Classification algorithm based on
Precision, Recall, and FI-score. Anh =Anhydrite, Ca-Md = Calcimudstone, Do-Md =
Dolomudstone, Gr-Rd = Grainstone -rudstone, Shr = Shrubstone, Si-Md = Siliceous

Mudstones, Sph = Spherulitestone, Vol-Gr =Volcanic Grainstone, and Vol-Rd = Volcanic

Rudstone.
" SO Random Forest XGBoost
Fach Precision Recall Fl-Score Supporl  Precision Recall Fl-S5core Support Precisiom Recall Fl-Score Support
Anh 1 1 1 i 1 1 y 5 7 1 1 1 K
Ca-md D73 o7 0,72 18 ] [8R-1 ] 054 P ] oar Q.93 .35 128
Dio-Md 0375 Q.75 0,75 44 oe Q.98 .83 a4 a1 .91 0.91 A4
Gr-Rd Q.79 Q.79 JH 158 097 026 096 198 [Bh] Q.95 Q.97 198
Shr 0.9 081 [uR:} 580 095 087 0.56 580 95 Q.48 Q.97 580
Si-Md Q.23 058 .68 26 0.ES 0.ES 0BG 26 ool 0,81 086 26
Sph Q.87 026 0,86 S36 028 058 L8 o926 .o .98 0.98 976
Vaol-Gr Q.67 0,58 0,62 24 093 DER 051 24 1 Q.83 2,23 24
Viol-Rd 0,72 0.85 0.78 27 1 1 ) 7 1 1 1 27
Accuracy 0,82 1060 Qo7 1960 Q.97 =l
Macro Avg .79 ot a.78 1960 .95 0Bk Q.85 1960 oar 0.94 0.a5 1860

Welghted avg .82 0.8 0.8 1860 0.57 (A=) 0ar 1960 ar 0.97 0.47 1960
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Figure 2. 18 Reservoir zone division (track 3). Basis for division uses data from: Acoustic
Impedance (RHOV, track 4); spectral GR ratios (Thorium/Uranium, HTUR, track 35,
(Thorium/Potassium, HTPR, track 6 and (Potassium/Uranium, HPUR, track 7); and actual
facies classifications from core (track 8). Actual facies can be compared to model predictions

of facies from XGBoost algorithm (track 9).

2.4.3. Statistical and Plot Analysis

The primary minerals encountered in the BVF predominantly consist of
carbonates, with varying proportions of calcite and dolomite, as indicated by the XRD data
(Figure 2.19). Although quartz is also present, its occurrence is relatively minor compared to
carbonates. Additionally, accessory minerals such as micas, feldspars, and fluorite are
observed. (Tables 2.6, 2.7, and Figure 2.19). The main composition is dominated by
carbonates (Calcite and dolomite) 83%, 16% is represented by quartz and 1% corresponded to
anhydrite which is located at the top of BVF representing the transition to Ariri Formation

(Figure 2.19).
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Table 2. 6 Sample of XRD data, representing the main minerals. Dol=Dolomite, Cal=Calcite,

QZZ: QMCU’TZ, Anh= Anhydrite, Other = (Pyrite, gypsite, dawsonite, mica, k-feldspar, siderite, fluorite, barite,

plagioclase, analcime, magnesite, and talc.

Sample ANH DOL CAL QTZ OTHERS TOTAL
1 23.00 7.00 42.00 18.00 10.00 100
2 0.00 3.93 77.57 18.50 0.00 100
3 4.00 12.00 71.00 10.00 3.00 100
4 0.00 13.00 58.00 27.00 2.00 100
5 0.00 14.00 72.00 14.00 0.00 100
6 4.00 8.00 60.00 26.00 2.00 100
7 0.00 25.20 56.84 17.96 0.00 100
8 2.00 87.00 1.00 8.00 2.00 100
9 0.00 18.00 52.00 30.00 0.00 100
10 0.00 91.00 0.00 7.00 2.00 100
11 2.00 96.00 0.00 2.00 0.00 100
12 0.00 91.46 0.00 8.54 0.00 100
13 2.00 88.00 1.00 9.00 0.00 100
14 0.00 89.00 0.00 11.00 0.00 100
15 0.00 96.55 0.00 3.45 0.00 100
16 2.00 96.00 0.00 2.00 0.00 100
17 0.00 96.00 0.00 4.00 0.00 100
18 0.00 93.00 0.00 7.00 0.00 100
19 3.00 94.00 0.00 3.00 0.00 100
20 2.00 89.00 0.00 8.00 1.00 100
21 0.00 94.36 0.00 5.64 0.00 100
22 3.00 90.00 0.00 6.00 1.00 100
23 0.00 94.00 0.00 6.00 0.00 100
24 0.00 87.00 0.00 12.00 1.00 100
25 0.00 83.00 0.00 16.00 1.00 100
26 0.00 86.41 0.00 13.59 0.00 100
27 0.00 85.00 0.00 15.00 0.00 100
28 3.00 81.00 0.00 16.00 0.00 100
29 0.00 42.00 41.00 17.00 0.00 100
30 0.00 86.00 0.00 14.00 0.00 100
31 0.00 85.00 0.00 14.00 1.00 100
32 0.00 83.08 0.00 16.92 0.00 100
33 0.00 88.00 0.00 12.00 0.00 100
34 0.00 83.00 0.00 17.00 0.00 100
35 0.00 86.07 0.00 13.93 0.00 100
36 0.00 85.00 0.00 15.00 0.00 100
37 0.00 81.00 0.00 19.00 0.00 100
38 2.00 88.00 0.00 9.00 1.00 100

Table 2. 7 Statistics for mineralogical composition

ANH DOL CAL QTZ Others

Mean 0.07 35.47 4757 15.66 1.00

Minimum 0 0 0 0 0

Maximum 23 100 98 40.9 34
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Figure 2. 19 Pie chart showing the total mineralogical composition for the key well.
DOL=Dolomite, CAL=Calcite, QTZ=Quartz, ANH= Anhydrite, Other = (Pyrite, gypsite,
dawsonite, mica, k-feldspar, siderite, fluorite, barite, plagioclase, analcime, magnesite, and

talc).

An integrated representation of the results of the multimineral petrophysical
evaluation, including facies, vuggy porosity, petrophysical groups, pore type, and their
relationship to the production intervals, is shown in Figure 2.20. The features of each of these

factors for the three production intervals are clearly described in Table 2.8.
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Figure 2. 20 Rock Quality indicators Vs production intervals. Track 1: Mineralogy, track 2:
Acoustic WBI, track 3: Vuggy Porosity, track 4: core permeability (green dots,) permeability
estimated using FZI equation (yellow line), track 5: core porosity (blue dots) and porosity
estimated from MM evaluation (black line), track 6 open intervals perforated, track 7

production intervals from PLT, track 8: Facies, track 9: Petrophysical Groups, and track 10

pore type.

To elucidate the interconnectedness between production, mineralogy,
petrophysical groups, facies, vuggy porosity, and matrix porosity-permeability, a
comprehensive analysis of these properties was conducted for the three production intervals
investigated in the key well, as depicted in Figure 2.20, specifically in track 7. Although the
well was perforated over a considerable interval (Track 6), only zones A, B, and C exhibited

fluid flow based on the data from the Production Logging Tool (PLT) displayed in track 7 of
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Figure 2.20. These three intervals displayed distinct production rates (45, 427, and 684 m’/d,
respectively).

Production Interval A (4m) primarily comprises calcite, with a matrix porosity of
15% and matrix permeability of 7 mD. Facies composition is dominated by 44.75%
Spherulitestone and 37.25% reworked material (Grainstone Rudstone). The interval contains

a wide range of pore types, with meso pores being the most common. A similar trend is

observed in the distribution of petrophysical groups (PG-3, PG—4, PG-5, and PG-6).

Vuggy porosity within this interval amounts to 1%, while the production rate is 45 m?>/d. See
table 2.8.

Production Interval B (5 m) displays a ratio of 38.4% dolomite to 61.6% calcite.
The two predominant facies identified within this interval are Shrubstones, comprising 39%

of the composition, and Spherulitestones, accounting for 43.6%. Petrophysical groups span

from PG-4 to PG-7, indicating varying characteristics. Notably, there are variations in

matrix porosity and permeability between the calcite and dolomite intervals, with the dolomite
intervals exhibiting superior properties. Pore types range from micro to mega, representing a
wide range of sizes. Vuggy porosity measures 1.79% in the calcite interval and 7.5% in the
dolomite interval. The total production for this interval amounts to 427 m’/d. See table 2.8.
Production Interval C (3 m) is characterized by the presence of Shrubstone, with
dolomite constituting 81.66% of the composition, while 18.33% consists of calcite. Within the
dolomite interval, a matrix porosity of 17% and matrix permeability of 4 mD are observed,
whereas the calcite interval displays a matrix porosity of 8% and matrix permeability of 1.47

mD. Vuggy porosity measures 6% in the dolomite interval and 0.8% in the calcite interval.

Petrophysical groups span from PG-3to PG-7, encompassing all pore types from nano to

mega porous. The total production for this interval amounts to 684 m?/d. See table 2.8.



Table 2. 8 Statistics for production intervals.

Interval Thickness Facies Lithology PHIVug C Pore CPerm Pore Type Qo
(m) (%) (%) (%) (%) (mD) (%) (m/d)
Sph 44.75 PG-3 22.25 Macro 15.00
Gr-Rd 37.25 PG-4 29.00 Meso 43.25
A 4 CAL 100 1 15 7 . 45
Vol-Rd 18.00 PG-5 44.25 Micro 28.50
PG-6 4.50 Nano 13.25
Shr 39.00 PG-4 12.80 AL 616 179 13 14 Mega 7.6
B 5 Sph 43.60 PG-5 47.60 Macro 37.40 427
Ca-Md 17.40 PG-6 32.00 oL 38.4 25 19 54 Meso 40.00
PG-7 7.60 Micro 15.00
PG-3 29.00 Mega 1.76
PG-4 20.33 poL 8166 6 17 14 Macro 8.66
C 3 Shr 100 PG-5 48.33 Meso 43.67 684
PG-7 2.34 CAL 18.33 0.8 8 1.47 Micro 28.00
Nano 18.00
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In order to gain a deeper comprehension of the relationship between facies,

mineralogy, and petrophysical parameters, we employed a series of boxplots. Initially, our

focus was on examining the correlation between facies, mineralogy, and crucial reservoir

properties such as porosity, permeability (refer to Figure 2.21), as well as vuggy porosity

(refer to Figure 2.23). Subsequently, our investigation extended to examining the connection

between facies, mineralogy, various rock types, and distinct petrophysical groups (refer to

Figure 2.22).
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Figure 2. 21 a) Porosity distribution classified by Facies, (b) Permeability distribution
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distribution classified by Minerals, (e) Porosity Vs permeability classified by Facies, (f)
Porosity Vs permeability classified by Minerals.
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Figure 2. 22 a) Porosity distribution classified by Petrophysical Groups, (b) Porosity

distribution classified by Pore Type, (c) Permeability distribution classified by Petrophysical

Groups (d) Permeability distribution classified by Pore Type, (e) Porosity Vs permeability

classified by Petrophysical Groups, (f) Porosity Vs permeability classified by Pore Type.
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Figure 2. 23 a) Vuggy porosity classified by Facies, (b) Vuggy porosity classified by
Minerals, (c) Vuggy porosity classified by Petrophysical Groups, (d) Vuggy porosity
classified by Pore Type.

The variability in porosity and permeability ranges among different facies is
demonstrated in Figure 2.21. Notably, the Shrubstone, spherulitestone, and grainstone-
rudstone facies exhibit porosities exceeding 20% and permeabilities greater than 100 mD
(Figure 2.21 a and b). Among minerals, calcite and dolomite exhibit the highest values for
porosity and permeability, while rocks with a high quartz concentration are infrequent and
display lower values for porosity and permeability (Figure 2.21 ¢ and d). The reservoir’s
heterogeneity is evident from the broad variations in porosity and permeability observed
across facies and minerals (Figure 2.21 e and f).

The porosity of each rock type exhibits significant variations, whereas

permeability emerges as a more crucial factor, Figure 2.22 (a and b). Petrophysical groups

PG-7 and PG-8 demonstrate the highest permeability values (Figures 2.22 ¢ and d).
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Although it is possible to formulate equations for predicting matrix permeability by
incorporating both rock type and petrophysical groups (Figure 2.22 e and f), for this study, we
recommend employing petrophysical groups as they allow for the formation of narrower
permeability ranges within each group, leading to enhanced accuracy in permeability
determination (Figure 2.22).

The reservoir exhibits vuggy porosity, primarily occurring in shrubstones,
spherulitestone, and calci-dolo-mudstone facies, as evidenced by Figures 2.13 and 2.20.
However, the rocks characterized by a high dolomite concentration (refer to Figures 2.13,
2.20, and 2.23) display the highest values of vuggy porosity, likely attributed to diagenetic
influences or hydrothermal processes, as suggested by Arienti et al., 2018; Lima et al., 2020;

Hosa et al., 2020; Gomes et al., 2020. Vuggy porosity is more commonly observed in meso
and macro pore types, along with petrophysical groups PG-3, PG4, and PG-5 (Figure

2.23).

2.5. DISCUSSIONS

The primary mineralogical components identified in the BVF are calcite,
dolomite, and quartz, with minor presence of illite and stevensite as clay components (Gomes
et al., 2020; Netto et al., 2022).

The characteristic facies of the BVF include shrubstones (Shr) and
spherulitestones (Sph), which are in-situ carbonate deposits formed by shrub-like growths
(fascicular calcite) and calcite spherulites (spherical allochems composed of fibrous-radial
calcite crystals), respectively (Wright and Barnett 2015; Arienti et al. 2018; Gomes et al.
2020; Sommer et al. 2022). The formation also contains reworked carbonates mainly
represented by grainstones and rudstones (Figure 2.18, track 8). Mudstone facies are
represented by calcimudstone, dolomudstone, and siliceous mudstone. Additionally, volcanic
grainstones and rudstones were observed in this study, resulting from the reworking of
volcanic material. It is important to note that although not part of the BVF, anhydrite facies
were considered in this analysis as they signify the transition to the Ariri Formation. Among

the identified facies, spherulitestone and shrub- stone are the most prevalent within the

reservoir and exhibit superior reservoir properties (Figure 2.20 and Table 2.8). Grainstone —

rudstone facies, which are reworked versions of the in-situ shrubstone and spherulitestone
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facies, demonstrate similar properties with high porosity and permeability values. Conversely,

calci — mudstone and dolo — mudstone facies exhibit poor reservoir properties.

The relationship between mineralogy and reservoir properties can be evaluated by
comparing the results of Production analysis using (PLT) analysis with MM data and other
indicators of reservoir quality (such as PG and Pore Type). Interval A (Figure 2.20, track 10)
serves as an example to understand the reservoir properties. Interval A meso pore is the
predominant pore throats (Table 2.8), high FZI values (Figure 2.13, Track 5), and a steep
slope in flow capacity (Figure 2.13, Track 3). The prevailing mineralogy within this interval
is calcite, and vuggy porosity appears to be minimal (Figure 2.20 and Table 2.8). However,
despite these favorable characteristics, the hydrocarbon production from this interval is
limited to 45 m*/d.

To further analyze the reservoir properties, intervals B and C can be compared,
which yield hydrocarbon production rates of 487 and 684 m’/d, respectively. All three
intervals exhibit similar pore throat sizes, high FZI values (Figure 2.13, Track 5), and steep
slopes in flow capacity. However, the differences lie in the depositional facies (Figure 2.20
and Table 2.8), the amount of dolomite present, and the presence of vuggy porosity. Intervals
B and C are primarily composed of dolomite, feature abundant vugs, and are predominantly
characterized by shrubstone facies. In contrast, interval A consists mostly of calcite, lacks
vuggy porosity, and exhibits a mixture of facies (Figures 2.13, 2.20 and Table 2.8).

The flow capacity (Figure 2.13, track 3) determined using SMLP can be assessed
by comparing it to the production log tool profile (Figure 2.13, track 2.8). Both curves exhibit
similar morphology.

The three tested intervals align with the slopes observed in the flow capacity
profile at the corresponding depths.

It was observed that reservoir properties and intervals with high production rates
are associated with a significant presence of dolomite, comprising more than 50% of the
mineral composition (Figure 2.13 and Figure 2.20). Furthermore, the increase in vuggy
porosity correlates with higher concentrations of dolomite. This augmentation in vugs and
dolomite content could be attributed to diagenetic alterations of Mg-silicate clays (Banfield et
al., 1991; Tosca and Wright, 2018; Arienti et al., 2018; Quan et al., 2023), variations in lake
chemistry such as pH and pCO2, and carbonate precipitation processes (Pietzsch et al., 2020).
Additionally, the influence of burial fluids and hydrothermal processes (Lima et al., 2020; De

Ros, 2021; Duan et al., 2023) may also contribute to these modifications. Similar findings
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have been reported by Herlinger Jr et al., 2017). The diagenetic processes of dissolution and
cementation occurring during the eo- and meso-diagenesis play a significant role in
influencing the variation and preservation of different pore types across the facies of the BVF,
as noted by Herlinger Jr et al., 2017.

In this study, it is observed that both calcite and dolomite exhibit a diverse range
of pore sizes spanning from nano to mega pores (Figures 2.20 and 2.21), which aligns with
the pore size distribution observed in facies such as shrubstones, spherulitestones, calci-
mudstones, dolo-mudstones, and grainstone-rudstones. However, macro and mega pores are
predominantly observed in shrubstones and spherulitestones (Figure 2.20, Table 2.8), which
is consistent with the findings of previous studies by (Gomes et al., 2020; Fu, 2023). The
preservation of high primary porosity, coupled with subsequent diagenetic dissolution
processes, contributes to the enlargement of both pore sizes and pore throats. This
phenomenon explains why these specific facies exhibit superior reservoir quality within the
BVF.

Four distinct RRTs were defined by integrating facies information from thin

sections, RCA, and SCAL. The determination of the RRTs was mainly based on RCA, since all

the samples with SCAL data belonged to the petrophysical group PG-8 and presented

similar Sor values ranging between 15 and 48 and mainly oil-wet, with Ed values ranging

from between 0.41 and 0.80.

In this study, various A/l algorithms, including SOM, XGBoost, and Random
Forest, were tested for property estimation. These algorithms demonstrated high precision
when appropriate parameters were utilized, and the best results for facies estimation were
achieved using XGBoost.

When performing MM inversion, specific precautions should be taken into
account. Firstly, only the most significant minerals should be included in the inversion, based
on observations from XRD, core descriptions, and cuttings. Secondly, careful quality control
should be applied to well log inputs, particularly for PEF if the mud contains barite. In this
study, a simplified MM inversion model was employed, utilizing conventional well logs such
as GR, RT, RHOB, NPHI, DT, and PEF. The model was validated against XRD data (Figure
2.7). However, some wells exhibited elevated PEF values due to the presence of barite,
exceeding 6 b/e. In such cases, if the well has spectroscopy well logs available, they can be
integrated into the MM inversion process or used to replace any missing or unreliable

conventional well logs.
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The permeability obtained from RCA primarily reflects the permeability of the
matrix, while the impact of vuggy porosity or open fractures on enhancing permeability
should be assessed independently. These factors play a significant role in facilitating high

production rates within the reservoir (Figure 2.20).

2.6. CONCLUSIONS

This study focused on investigating the intricate interconnections among
mineralogy, facies, and reservoir parameters in a pre-salt carbonate reservoir. The successful
implementation of petrophysical multi-mineral evaluation proved to be an effective means of
determining the mineralogical composition of the reservoir, particularly in wells lacking XRD
data. Reservoir properties were classified using RCA based on pore type and petrophysical
groups, leading to improved accuracy in properties regression, such as porosity and
permeability. For managing the reservoir’s high heterogeneity, the use of petrophysical
groups is recommended to achieve a more precise permeability approach, especially
concerning vuggy porosities.

Supervised ML techniques, namely SOM, RF, and XGBoost, were compared to
identify facies features. While SOM yielded acceptable results, RF and XGBoost
outperformed it in terms of performance. Stratified data splitting was utilized to ensure a
representative sample size for different facies, taking into account the imbalanced distribution.
The inclusion of PLT data proved effective in verifying the relationships between reservoir
properties, facies, and mineralogy.

The key conclusions drawn from this research are as follows:

e The determination of the mineralogical composition of the reservoir through
petrophysical multi-mineral evaluation was successfully tested and validated, particularly for
wells without XRD data.

e Dolomite exhibited superior reservoir properties compared to other minerals,
and zones with over 50% dolomite content displayed high concentrations of vuggy porosity
due to diagenetic alterations.

e Routine Core Analysis primarily reflected properties related to the matrix, and
the permeability represented by core data alone was insufficient to replicate the observed high
production rates in vuggy intervals.

e The effects of vuggy porosity on permeability enhancement in high production

zones should be studied independently.
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e Shrubstone and spherulitestone were the most prevalent facies with the best
reservoir properties, likely influenced by factors such as magnesium concentration in the
original rocks, environmental conditions, and hydrothermal effects leading to diagenetic
improvements.

e Al methods emerged as reliable tools for estimating and extrapolating facies in
wells without core data.

e Production data served as a valuable source for establishing the connection
between reservoir properties and facies/mineralogy.

e The adequacy of the dataset used in this investigation, involving 741 core plug
samples from 9 wells within the intricate Barra Velha reservoir, warants consideration. The
dataset encompasses a comprehensive range of porosity and permeability values, thus deemed
satisfactory for the study’s purposes. Furthermore, the facies representation in the key well
holds significance, as it spans over 95% of the reservoir thickness and incorporates samples of
all facies types described in prior research on the Barra Velha Formation in the Santos Basin.
Such extensive coverage facilitates comprehensive comprehension and accurate inference of
reservoir properties.

e Integration of all available data is essential for a comprehensive understanding
of the complex relationship between reservoir properties.

This study effectively demonstrates the application of an integrated Al approach
for characterizing mineralogy and facies in a pre-salt carbonate reservoir. The proposed
methodology utilizes data from cores, wireline logs, and multimineral petrophysical
evaluation, enabling a thorough understanding of the reservoir’s geological characteristics.
The findings of this study hold significance for optimizing production strategies and

enhancing hydrocarbon recovery in similar reservoirs worldwide.
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ABSTRACT

Permeability modeling in fractured and vuggy reservoirs presents significant challenges,
especially in carbonate reservoirs like Brazil’s Barra Velha Formation. Existing methods often
overlook the substantial impact of vuggy porosity, leading to inadequate representation of
permeability values obtained from core plug measurements or downhole static data, such as Nuclear
Magnetic Resonance (NMR) logs. In contrast, dynamic data derived from drill-stem tests (DSTs) and
inferred from the productivity index (J) provide a more holistic view of the reservoir’s permeability,
yet typically yield a single permeability value for each stratigraphic interval. This research introduces
a novel methodology that addresses these challenges by integrating static and dynamic data, with a
primary focus on vuggy porosity. A key innovation lies in the development of a method for estimating
total permeability in vuggy intervals, accounting for the effects of vugs and calibrating permeability
using dynamic data sources such as the Productivity Index (J), DST, or Production Logging Tests
(PLT). Additionally, we present an approach for estimating vuggy porosity through image
segmentation and ultrasonic wellbore images (WBI), which can be applied universally across different
wellbore image formats. Furthermore, this study explores the concept of super K zones, representing
intervals with exceptionally high permeability. The partitioning coefficient (CP), quantifying the
relationship between vuggy porosity and total porosity, is employed to generate a probability curve for
the occurrence of super K zones in intervals lacking production data. This curve accounts for critical
factors such as pressure drop and fluid viscosity, providing a more comprehensive understanding of
reservoir behavior. Through a comprehensive case study, our research aims to shed light on the
intricate permeability characteristics of the Barra Velha Formation, while identifying the presence of
super K zones. The proposed methodologies offer a bridge between static and dynamic data, resulting
in a continuous permeability curve that aligns more closely with production data. Ultimately, this work
contributes valuable insights for reservoir management and the optimization of production strategies in
complex carbonate reservoirs within the Santos Basin.

Keywords: Permeability modeling, Vuggy Porosity, Vuggy Permeability, Super K Zones,
dynamic data for permeability Calibration, drill-stem permeability, Reservoir characterization.

Novelty: We are proposing an equation for estimating total permeability in vuggy
intervals, considering the effects of vugs and calibrating the permeability with dynamic data such as
(Index of productivity /P, DSP, or PLT). Similarly, we are proposing a methodology to estimate the
feasibility of having a super k zone, considering parameters as the excess of permeability, the
relationship between matrix and vugs, as well as dynamic parameters such as viscosity, and pressure
drop among others.
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3.1. INTRODUCTION

Permeability prediction in hydrocarbon reservoirs represents a formidable
challenge that has long perplexed geoscientists working in the subsurface exploration and
reservoir management (Cozzi et al., 2007; Sadeq et al., 2015). The accuracy of a permeability
model is of paramount importance in the realm of reservoir simulation, playing a pivotal role
in history matching and the prediction of well performance (Ma, 2019; Y. S. Wu et al., 2011).
A well-constructed permeability model not only saves substantial time in achieving historical
data alignment but also contributes to the refinement of well-performing prognostications.
Notably, two principal avenues exist for acquiring reservoir permeability information: core
analysis, stemming from core plugs and full core samples, which constitute small-scale
measurements; and well-test pressure data, which encompasses field-scale measurements
(Sadeq et al., 2015). Complementary to these direct methods, a suite of indirect tools is
typically deployed to estimate permeability for wells lacking core analysis or well-testing
data. These methods include mathematical regressions, artificial intelligence (Al), and models
founded on advanced well logs, such as Nuclear Magnetic Resonance (NMR) (Sadeq et al.,
2015).

In numerous instances, empirical correlations have been established between
porosity and permeability through core analysis, predominantly within specific geological
areas, facies, or rock types. These empirical relationships are locally valuable when
permeability is governed by matrix porosity, a parameter quantifiable through plug sampling
or petrophysical assessments (Gavidia et al., 2023a; Mahjour & Faroughi, 2023). However,
these correlations lose their efficacy in reservoirs characterized by vugs and fractures, as core
samples often fail to capture the intricacies of vuggy or fractured permeability (Huang et al.,
2021). It is important to note that either samples are unavailable for laboratory testing or do
not even exist for such reservoirs. Consequently, traditional methods such as regressions or
Al, relying on core or plug sample data, prove inadequate in predicting permeability
influenced by vugs or fractures (Cozzi et al., 2007). Even sophisticated NMR data, capable of
capturing large-scale pores, typically neglects the contributions of vugs or fractures to
permeability (Hidajat et al., 2004; Huang et al., 2021; Zhao et al., 2017). Conversely,
permeability data obtained from well tests offers an average value over a substantial interval
and generally fails to convey stratigraphic or structural variability (Ma, 2019). However, it
does encompass the effects of matrix, fracture, and vuggy permeability (Sadeq et al., 2015).

Over the past half century, significant strides have been taken in comprehending

and modeling fluid flow processes within fractured rock formations (Barenblatt et al., 1960;
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Fernandez et al., 2022; Kazemi H, 1969; Pruess & Narasimhan, 1985; Shi et al., 2023; Tian,
Sima, et al., 2022; Warren & Root, 1963; Xue et al., 2021). These investigations
predominantly centered on naturally fractured reservoirs and largely disregarded the presence
of vugs (Gavidia et al., 2023a; Mahjour & Faroughi, 2023; Mohammadizadeh et al., 2021; Y.
S. Wu et al., 2011). Recent endeavors have focused on quantifying secondary porosity,
particularly vugs (Hidajat et al., 2004; Mahaman Salifou et al., 2021; Sadeq et al., 2015; C.
Xu, 2010; C. Xu & Newberry, 2004). These efforts are rooted in the integration of resistivity
wellbore images and conventional well logs, coupled with an understanding of mineralogical
properties (Mahaman Salifou et al., 2021; Michelena et al., 2020). For instance, (Sadeq et al.,
2015) introduced a method that fine-tunes reservoir permeability using a permeability
multiplier, contingent on secondary porosity, lithology, and the presence of vuggy
permeability. They observed that core data serves as a reliable indicator of matrix properties
but is inadequate for reproducing porosity and permeability values within fracture and vuggy
zones (Hidajat et al., 2004; Menezes De Jesus et al., 2016). In a notable study, the estimation
of permeability was accomplished through the amalgamation of ultrasonic borehole image
logs and computed tomography in Brazilian pre-salt zones exhibiting karstic features such as
enlarged fractures and caves (Menezes De Jesus et al., 2016). Permeability data acquired from
Drill Stem Tests (DSTs) was also employed for method calibration, given its significance in
calibrating large-pore permeability (Fernandez et al., 2022; X. Liu et al., 2020; Menezes De
Jesus et al., 2016) delved into the excess permeability attributed to nonmatrix features, such as
fractures and vugs, within the Brazilian pre-salt, revealing magnitudes up to two orders of
magnitude higher than matrix permeability.

Recent research has underscored the distinctive characteristics of carbonate
reservoirs, shedding light on the pivotal role of fractures and vugs in enhancing production.
(Li Quant, 2022) accentuated the significance of fracture and vug presence in production
optimization, taking into account in-situ stress, fluid flow dynamics, and vuggy geometry.
(Tian, Wang, et al., 2022) investigated the influence of fracture dip angle and the porosity of
vugs and fractures on dual laterolog responses. Their findings indicate that fracture dip angle
exerts a notable impact on dual laterolog separation, vugs have a diminishing effect on both
deep and shallow laterolog values, and fractures hold greater influence than vugs on dual
laterolog responses within fractured-vuggy reservoirs.

Dongli Zhang, 2023 recognized the perturbing effects of vugs and fractures on
well accuracy during reservoir simulation. They proposed a production allocation

methodology that accounts for the influence of vugs and fractures, thereby enhancing history
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matching by reducing the need for extensive parameter adjustments, ultimately bolstering
efficiency and reliability. Quan et al., 2023 classified the dolomites of the Permian Qixia
Formation in the northwest Sichuan Basin, discerning three distinct dolomite types. Their
study elucidated the effects of hydrothermal alterations in types D1 and D3, while type D2
precipitated from slightly evaporated Middle Permian seawater, representing primary
reservoirs characterized by high quality. In a comprehensive exploration of complex fracture-
cave networks within carbonate reservoirs, Lei et al., 2023 developed a semi-analytical
approach employing the boundary element method (BEM) to simulate transient pressure
behavior. Sensitivity analysis elucidated the impacts of parameters, with particular emphasis
on cave behavior in the presence of well placement. Eltom et al., 2023 navigated the
intricacies of upscaling carbonate reservoirs from fine to coarser grids, addressing the
challenge of maintaining geological data integrity. Their findings underscored the significant
alterations in porosity values resulting from upscaling procedures, with the potential
implications of overestimating permeability. Moreover, the study highlighted the diverse
effects of averaging methods on permeability upscaling.

P. Xu et al., 2023 introduced a novel approach that integrates machine learning

algorithms with low-pass filters, yielding a self-adaptive predictor for permeability denoted as

MMA - LGB. This method exhibited superior performance in comparison to alternative

algorithms, effectively mitigating the influence of reservoir heterogeneity (B. Liu et al., 2023;
Malki et al., 2023; Rostamian et al., 2022) harnessed rock physics for characterizing complex
carbonate reservoirs, emphasizing the importance of selecting suitable rock physics models
and methodologies to precisely estimate elastic properties and comprehend reservoir behavior.
The importance of accurate mineralogical characterization in complex carbonate reservoirs
was explored by (Harju, Malki, & Rasouli, 2023; Harju, Malki, Rabiei, et al., 2023), who, in
the course of developing rock physics models, underscored the amplification of various
parameters, such as mineral content, pore geometry, and fluid phase, in their effects on rock
properties. (Harju, Malki, & Rasouli, 2023; Harju, Malki, Rabiei, et al., 2023), discerned that
mineralogical content emerges as a primary determinant while constructing rock physics
models for carbonate-shale reservoirs, exerting a profound influence on elastic properties.
Azadpour et al., 2020 combined rock physics and machine learning to predict S-
wave velocity in a complex carbonate reservoir in southwest Iran, resulting in a significant
improvement in S-wave velocity prediction. Relative permeability in dual-porosity reservoirs

was meticulously examined by (Rozhko et al., 2022), with a particular focus on the utilization
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of low-frequency elastic waves to influence relative permeabilities. Their findings illuminated
how minor, transient strains in rocks can modify relative permeabilities. Wang et al., 2023
investigated the reactions of limestones and dolomites during matrix acidizing, offering a
unique model for acid-rock reactions that accounted for the sequence in which minerals react.
Ullah et al., 2023 confronted diagenetic effects on carbonates in a limestone reservoir in
Pakistan, revealing that limestone exhibits multiple porosity types, thus signifying its
potential as a secondary reservoir for hydrocarbons. Leila et al.,, 2023 integrated
petrographical and petrophysical analyses, facies descriptions, and rock physics to assess
diagenetic effects. Liu et al., 2023 introduced a numerical model to evaluate gas condensate
well productivity in intricately fractured vuggy carbonate reservoirs. The numerical analyses
revealed that the presence of cavities significantly influences condensate oil dispersion,
leading to heightened production when situated beneath cavities. Xu et al., 2023 explored
permeability heterogeneity in carbonate reservoirs through the integration of multiple
machine learning and optimization algorithms, core samples, and logging data. This approach
offers a robust solution for identifying high-quality carbonate reservoirs, thereby enhancing
logging interpretation despite permeability variations. The Multi-Objective Mayfly Algorithm
(MMA) combined with the Gradient Boosting Decision Tree (LGB) outperforms alternative
methods in predicting permeability. Su et al., 2023explored the behavior of foamed acid
treatment in fractured-vuggy dolomites, revealing that foamed acid effectively stimulates oil
displacement within fractures. It enhances permeability and oil production without disrupting
water control structures, although excessively high flow rates can lead to bottom water
breakthrough. Lu et al., 2023 conducted a comprehensive study of carbonate deposition and
diagenesis in a dynamic framework, elucidating the profound impact of flow velocities, facies
variations, sea-level fluctuations, depositional gaps, and salinity on the final deposition
distribution.

Collectively, these preceding research endeavors underscore the formidable
challenges posed by the characterization of carbonates in the presence of vugs and fractures,
with a particular emphasis on their profound influence on permeability and, by extension,
production.

In this article, we present two novel techniques for characterizing vuggy porosity.
The first method involved the segmentation of porosity from wellbore images, while the
second method leveraged the maximum and minimum amplitude of acoustic wellbore images.
Vuggy porosity was subsequently employed to adjust permeability within the system,

facilitated by a Correction Factor contingent on the partitioning coefficient (CP). This
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coefficient served as a measure of the interaction between the matrix and the flow of vuggy
porosity. Finally, we calibrated the adjusted permeability through mathematical procedures,
integrating dynamic data such as Drill Stem Tests (DST) or productivity indices (J). This
refined permeability reduced the uncertainty surrounding permeability estimates when vugs
and fractures were integral to the reservoir structure. We illustrated the efficacy of our
approach using a key well within the Brazilian pre-salt field in the Santos Basin as a case
study, characterized by its predominantly carbonate rock composition and a high prevalence

of vug pores and enlarged fractures.

3.2. GEOLOGICAL SETTINGS

This study delves into the analysis of the carbonate reservoir situated within Barra
Velha Formation (BVF), a region within the Santos Basin in southeastern Brazil Figure 3.1.
The formation of this basin traces its origins to the fragmentation of the Gondwana
Supercontinent during the Late Jurassic to Early Cretaceous, leading to the emergence of the

South Atlantic Ocean. This geological event gave rise to the Brazilian Rift System,

encompassing various basins, including the Santos Basin (Chang et al., 1992; Fonseca et al.,

2023; Gavidia et al., 2023a; Gu et al., 2023; Junior et al., 2023).
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Figure 3. 1 Study Area. Santos Basin. Modified from (Gavidia et al., 2023a) .
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The Santos Basin underwent a transformative evolution, transitioning from small
grabens with limited lakes to regional subsidence, resulting in the development of extensive
lacustrine deposits. During this geological progression, the Precambrian basement was
concealed beneath Camboriu Formation basalts, followed by the deposition of sediments from
the Pigarras and Itapema formations. Subsequent thermal subsidence led to the creation of
lakes abundant in carbonates, Mg-clays, and siliciclastics, referred to as BVF. Overlying BVF
are evaporites from the Ariri Formation. With the South Atlantic’s gradual opening during the
early Albian period, a shallow marine carbonate platform emerged, which eventually
submerged, transforming into an open marine environment in the middle Albian. To gain a
comprehensive understanding of BVF, it is crucial to consider three significant
unconformities: the basal Pre-Alagoas unconformity at the top of coquina deposits in the
Itapema Formation, the internal Intra-Alagoas Unconformity, which partitions BVF into upper
(sag microbialite) and lower (rift microbialite) sections, and the Salt Base Unconformity,
signifying the uppermost boundary of BVF (Gavidia et al., 2023a; Gomes et al., 2020; Gu et
al., 2023).

The BVF deposition occurred during the Aptian, encompassing both the late rift
and sag phases (Figure 3.2). The presence of ostracods and the absence of marine fossils
indicate a lacustrine origin for these deposits (Fernandez et al., 2022; V. P. Wright & Barnett,
2015). They are primarily composed of carbonates (shrubstones, spherulites, and intraclast
rudstones/grainstones), magnesium-rich clays, and siliciclastic rocks (Iraji et al., 2023;
Moreira et al., 2007).

Several hypotheses have emerged regarding the origin and classification of Barra
Velha reservoirs, including debates over microbial versus abiotic origins of carbonate shrub
facies, the generation of syngenetic magnesium-rich clays, and the formation of spherulites
(de Paula Faria et al., 2017; Gomes et al., 2020; Gu et al., 2023; B. E. M. Lima & De Ros,
2019; V. P. Wright & Barnett, 2015)Various facies classifications have been proposed, such
as Gomes et al. (2020)’s sedimentary facies classification based on rock components within
BVF. Additionally, Fernando De Ros & Oliveira, (2023) proposed a classification of in situ
and resedimented rock types based on structure, fabric, texture, composition, and diagenetic
alterations.

Reservoir complexity is a crucial factor, with the best properties (porosity and
permeability) often associated with high shrubstones and spherulitestones content, as well as
reworked facies. These properties are further enhanced by the presence of vugs-type

secondary features resulting from diagenetic alterations (Arienti et al., 2018; Fernando De
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Ros & Oliveira, 2023; Gavidia et al., 2023a). Overall, the BV'F's geological complexity and its

impact on reservoir properties are key considerations in this study.
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Figure 3. 2 Local Stratigraphic chart of the Santos Basin, Brazil. The studied range is
highlighted by the red polygon. Modified from (Gavidia et al., 2023b).

3.3. MATERIALS AND METHODS

In the course of this research, a comprehensive array of petrophysical data and
methodologies was employed to facilitate a thorough understanding of reservoir
characteristics. The essential components encompass matrix porosity, matrix permeability,
vuggy porosity, and permeability data derived from dynamic sources such as Drill Stem Tests
(DST), Productivity Indices (J), or production data obtained from Production Logging Tool
(PLT) records.

The research framework was structured into two distinct phases, as shown through

a mind-map in Figure 3.3, each addressing specific aspects of reservoir behavior:
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3.3.1. Evaluation of Vuggy Porosity Impact on Total Permeability

The initial phase of our investigation centered on assessing the influence of vuggy

porosity on overall reservoir permeability. This segment entailed a detailed examination of

reservoir properties to gauge the extent to which vuggy porosity influenced permeability and,

consequently, reservoir productivity.
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The methodology, as depicted in Figure 3.4, outlined the process for correcting
permeability due to vuggy porosity, taking into account dynamic parameters like DST, J, or
PLT. The procedure commenced with the use of a visual porosity indicator to detect vuggy
porosity, followed by the identification of zones with vuggy porosity and an inquiry into its
impact on total permeability and production. If such an impact was observed, the study
proceeded to validate matrix permeability against dynamic permeability, ensuring it could
replicate production rates.

In cases where a significant disparity between matrix and dynamic permeability
was identified, a correction method based on vuggy porosity abundance and its interaction
with matrix porosity, represented by the partitioning coefficient (CP), was applied. The
correction factor was then fine-tuned to align with dynamic permeability.

Ultimately, the research validated the newly adjusted total permeability by
comparing it to wellbore images (to identify vuggy areas) and ensuring its compatibility with

production rates (mimicking production rates).

Figure 3. 4 Workflow for estimating the total permeability (Kt) corrected by the presence of
vuggy porosity, integrating dynamic data. Kmat = matrix permeability, ®vug = vuggy
porosity, F v= permeability correction factor because of the vuggy presence, a = fitting

coefficient, CP = partitioning coefficient, Kd = dynamic permeability.
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3.3.1.1. Estimation and Validation of Vuggy Porosity in Porous Systems

Vuggy porosity assumes a paramount role in estimating the overall permeability
of porous systems featuring vuggy formations. Some commercial techniques have been
devised to quantify vuggy porosity, predominantly relying on resistive wellbore imaging
(WBI). In this investigation, we employed two alternative methodologies: one harnessing
acoustic wellbore imaging, and the other applying image segmentation, as illustrated in Figure
3.5. Significantly, the latter approach demonstrated remarkable versatility, adaptable to
acoustic WBI, resistive WBI, or core images.

To embark on the path of vuggy porosity assessment, an array of essential
materials was requisitioned. These encompassed continuous core images, wellbore images
(both acoustic and resistive), and an exhaustive total porosity curve (PHIT). The acquisition
of PHIT was contingent on dependable sources, including petrophysical assessments, core
permeability-porosity regressions, or data derived from nuclear magnetic resonance (NMR)
studies. This comprehensive toolkit facilitated a robust investigation into vuggy porosity
within complex porous systems, enhancing our understanding of permeability dynamics in the

presence of vugs.

3.3.1.1.1. Utilizing Acoustic Wellbore Imaging (WBI)

Data acquisition through acoustic tools involved the operation of a rotating
ultrasonic transducer emitting brief ultrasonic pulses, which were subsequently utilized to
capture echoes rebounding from the borehole wall. This process yielded two primary
measurements: travel time, which underwent conversion into borehole radius using the
acoustic velocity measured in the well fluid, and echo amplitude (Hayman et al., 1998). The
amplitudes of these echoes formed the foundational components of the acoustic image
representing the borehole wall. It is important to note that these amplitudes were susceptible
to various influencing factors, including the texture of the borehole wall, any irregularities
present, lithological variations, and the composition of the underlying rock matrix.

Borehole images, in particular, played a crucial role in identifying distinctive
features such as fractures, vugs, and breakouts. These features typically manifested as weak
reflected signals characterized by low amplitude values (Anselmetti & Eberli, 1999; Harju,
Malki, & Rasouli, 2023; Harju, Malki, Rabiei, et al., 2023; Hayman et al., 1998; Mahaman
Salifou et al., 2021; Zemanek J, 1969). In contrast, the lithological characteristics and rock

matrix exhibited considerably larger amplitude values in the acquired data.
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The process of determining secondary porosity through the analysis of acoustic
wellbore images is elucidated in Figure 3.5 (left side). This analysis began with the
interpretation of an existing Acoustic WBI and the utilization of the static WBI. From these
data, two amplitude curves, specifically the maximum (MAXAmp) and minimum (MINAmp)
amplitudes, were extracted (Figure 3.5 and Figure 3.6, track 2). The region bounded by these
two curves served as a reliable indicator of porosity Figure 3.6, tracks 2 and 3), effectively
delineating discernible differences between areas characterized by vuggy porosity and those
dominated by matrix porosity (Figure 3.6, tracks 2 and 3).

The significance of the blue minimum amplitude curve Figure 3.6, track 2, 3) lay
in its ability to demonstrate that the presence of discontinuities, such as vugs, correlated with
reduced amplitude levels. As a consequence, higher values of the minimum amplitude curve
were strategically employed as an amplitude cutoff for the purpose of distinguishing vuggy
and matrix porosity. This distinction was quantified in decibels (dB) (Figure 3.6, track 3),
with the amplitude differential between the cutoff and the minimum amplitude serving as the
representative value for vuggy porosity (Vugs Indicator) (Figure 3.6, track 4). Upon
normalizing the Vugs Indicator, the Vuggy Index (Vugindx) was derived, ranging from O to
100%. Furthermore, the calculation of vuggy porosity (PHIVug) involved integrating
information from the total porosity, while the Partitioning Coefficient (CP) was estimated as
the ratio between vuggy and total porosity (Aguilera, 1976; Mahaman Salifou et al., 2021;
Tian, Wang, et al., 2022; C. Xu, 2010). Finally, Figure 3.6, track 8 introduced a bad hole
indicator designed to discriminate areas exhibiting the presence of breakouts or washouts,

thereby mitigating any potential misinterpretation of vuggy zones.
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Figure 3. 5. Workflow for Vuggy porosity estimation, using Acoustic Wellbore Image (AWI)

method (left side) and Image segmentation methods (right side). Acoustic WBI = Acoustic
wellbore image, static WBI = static image from a wellbore image, MAX & MIN_Amp =
maximum and minimum amplitudes from one Acoustic WBI, Vug Amplitude Cutoff =
Amplitude values used as cutoff for separating matrix and vuggy porosity, Vug Indicator (dB)
= Values in decibels which represent the vuggy zones, VugIndx = Vug Index (Vug indicator

normalized), PHIVug = Vuggy porosity, PHIT = Total porosity.
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Figure 3. 6 Use of acoustic wellbore image for estimating the vuggy porosity. Track 1 static

WBI, track 2 maximum, and minimum amplitude extracted from the static WBI, track 3
matrix and Vuggy porosity defined by an amplitude Cutoff, track 4 Vugs Indicator in
amplitude after applying the cutoff, track 5 Vugs Index, a normalization from the Vugs
Indicator, track 6 total porosity PHIT and Vuggy porosity PHIVug, track 7 Partitioning
Coefficient CP, Track 8 bad hole indicator.

3.3.1.1.2. Employing Image Segmentation

The methodology for implementing image segmentation, as depicted in Figure 3.5
(right side), demonstrated exceptional versatility and applicability to both acoustic and
resistive wellbore images. The process commenced with the conversion of the Wellbore
Image (WBI) data into a suitable image file format, such as Tiff, Gif, or PNG (Figure 3.7a).
This preparatory step paved the way for vuggy porosity estimation by embarking on two
pivotal processing stages:

Binarization constituted the initial phase, wherein the original image underwent a

transformation into a segmented, binary representation featuring distinct black-and-white
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regions. This segmentation was driven by a user-defined fixed threshold (Figure 3.7b and
Figure 3.6¢), effectively delineating non-pore and pore areas within the image.

The subsequent step focused on noise removal, a critical process in refining the
accuracy of vuggy porosity estimates. Noise, manifested as small pixel groups within the
image, was systematically eradicated. This was achieved through the implementation of a
morphological opening operation filter, a technique well-established in image processing
(Soille, 2004; Vincent L., 1993). The filter was instrumental in eliminating structures that
lacked the characteristics of the structuring element representative of vuggy porosity.

Furthermore, the noise removal procedure incorporated a pore size threshold. This
aspect of the process involved the precise calculation of connected pore regions using binary
connected components labeling techniques (Endre Tar Jan, 1975; John Pfaltz, 1966; K. Wu et
al., 2005). By considering the connectivity of elements and a threshold value defined by the
interpreter, the method effectively discerned and isolated regions of interest while
disregarding extraneous noise.

These intricate procedures were implemented using Python in conjunction with
the scikit — image libraries (Van der Walt et al. (2014)). The culmination of these efforts
yielded a continuous secondary porosity curve, with the added flexibility of adjusting the
sample rate to cater to specific user requirements. In this particular study, a sample rate of 1
meter was judiciously employed, ensuring the acquisition of granular porosity data essential

for a comprehensive analysis of vuggy porosity dynamics within the subsurface formations.
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Figure 3. 7 Vuggy porosity estimation Usmg Image segmentation, a) Raw Wellbore Image
data example for a processing window of 1m. b) Image binarization identifying connected
components. ¢) Segmentation using a threshold of 65 in a 0-255 white-black color scale. d)

Image segmented plus a cleaning filter (binary connected components labeling).

3.3.1.2. Total Permeability (K¢) An Integrated Examination

In the preceding paper, total permeability (Kf) was conceptualized as the
permeability encompassing the combined influence of matrix properties, fractures, and vuggy
porosity. The rigorous application of the workflow delineated in Figure 3.4 was contingent
upon several fundamental prerequisites:

- Visual Porosity Indicator: A visual means to discern porosity, which could

manifest as either wellbore images or core samples, was an essential initial requirement.
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- Continuous Matrix Permeability Curve (Kmat): The development of a
continuous Kmat curve, derived through various avenues including petrophysical
interpretation, core permeability-porosity correlations, and NMR data analysis, was of
paramount significance. The accuracy of Kmat as a representative measure of matrix
permeability was a pivotal consideration.

- Dynamic Permeability Indicators (Kd): Dynamic permeability indicators, such as
data derived from Drill Stem Tests (DST), permeability assessments based on the
Productivity Index (J), or production data including Production Logging Tools (PLT), were
integral components of the analytical process.

- Continuous Vuggy Porosity (PHIVug) Curve: The presence of a continuous
vuggy porosity curve was imperative. This curve could be established through the
methodology employed in the current study or obtained via alternative methodologies that
quantify vuggy porosity as a fraction of the total porosity.

- Total Porosity Curve (PHIT): The availability of a robust source for the total
porosity curve was vital. This could be obtained through meticulous petrophysical
evaluations, regression analyses linking core permeability and porosity, NMR measurements,
and other reliable techniques.

The intricate procedure employed to ascertain total permeability (K?), a parameter
incorporating the myriad contributions of matrix properties, fractures, and vuggy porosity,
was meticulously illustrated in Figure 3.4. Initial steps involved the rigorous validation of
vuggy porosity distribution to conclusively determine its presence and spatial disposition.
This validation process leveraged either wellbore imagery (refer to Figures 3.6 and 3.7) or a
continuous inventory of core samples, each serving as instrumental tools for delineating the
distribution of vuggy porosity. Following confirmation of vuggy porosity presence, a critical
comparative analysis between dynamic permeability (Kd) and matrix permeability (Kmat)
was initiated. It was a reasonable anticipation that in intervals characterized by pronounced
vuggy porosity, as elucidated by Fernandez et al., (2022), Kd would surpass Kmat.

The subsequent phase of the investigation was dedicated to the estimation of
vuggy porosity, a task rendered feasible through the judicious application of previously
described methodologies or supplementary techniques that offered consistent and dependable
results. The Partitioning Coefficient (CP), defined as the ratio between secondary porosity
and total porosity and grounded in the works of (Aguilera, 1976; Mahaman Salifou et al.,
2021; C. Xu, 2010), played a central role. Within the context of this study, CP served as the

ratio between vuggy porosity and total porosity.
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The estimation of total permeability Kt was achieved through the product of Kmat
and a correction factor contingent upon the presence of vuggy porosity, herein represented as
Fv. This correction factor adhered to the methodology introduced by (C. Xu, 2010), as

articulated in Equation 3.1:
K = a@? * (10P*%vug) (3.1

Where K represents total permeability in the Xu equation, a signifies the fitting
characterizing matrix permeability, ¢ denotes the matrix porosity, b represents the fitting
value for vuggy porosity in Xu equation, and ¢vug symbolizes the vuggy porosity.

The value of Fv manifested as an exponential factor, its determination hinging
upon the Partitioning Coefficient (CP) and a fitting coefficient (a). The graphical
representation of this equation, inclusive of its domain and range, was clearly presented in
Figure 3.8. Estimating the fitting coefficient (a) necessitated the equalization of dynamic
permeability (Kd) with the average total permeability (Kf) within the same interval, as per

Equation 3.2:

Kq = (3) * S[Kmat; » (10*(a * CP))] * by (3.2)

Where Kd stood for Dynamic permeability, H represented the thickness of thewell
test, Kmati denoted matrix permeability at depth (i), a signified the fitting coefficient, CPi
corresponded to the Partitioning Coefficient at depth (7), and hi symbolized the thickness of

the matrix permeability interval (sample rate).
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Figure 3. 8 The correction Factor (Fv) is represented by an exponential equation, depending
on the Partitioning Coefficient (CP) and a fitting coefficient (a). This equation is only valid in
the partition Coefficient domain [0, 1], for a fitting value higher than zero, so, (Fv) always is

going to be equal to or higher than one.

Leveraging mathematical techniques such as solver algorithms facilitated the
derivation of the fitting coefficient (a). Finally, the utilization of the secondary porosity
indicator served to validate and ensure quality control over total permeability when compared
to matrix permeability. In zones devoid of vuggy porosity, K¢ was anticipated to align with
Kmat, whereas, in regions distinguished by the presence of vuggy porosity, substantial
disparities between Kt and Kmat were the anticipated outcomes. These variances presented
valuable insights into the complex interplay of permeability factors within the geological

formations under investigation, signifying the comprehensive nature of the analytical process.

3.3.2. Identification of super K Zones: A Comprehensive Exploration of High

Permeability Regions.

The second phase of our research was devoted to the identification and detailed
characterization of super K zones, which are synonymous with high-permeability regions
within the reservoir. This phase entailed a meticulous examination of various reservoir
properties with the specific goal of locating areas characterized by exceptional permeability.
Such zones hold significant sway over fluid flow dynamics and the overall performance of the

reservoir.
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In our quest to achieve this objective, we employed a range of advanced analytical
techniques and integrated data from various sources. Our primary focus was centered on the
identification and demarcation of super K zones, places where permeability exhibited
remarkable peaks. These high-permeability domains underwent an exhaustive process of
characterization and assessment, providing valuable insights into their role in shaping
reservoir behavior and their potential impact on production strategies.

The methodology adopted during this phase played an instrumental role in the
overall success of our research, as it cast light on the reservoir’s inherent heterogeneity and
elucidated its implications for reservoir management and optimization.

To identify super K zones, it was imperative to possess a comprehensive dataset
specific to a given production interval. This dataset encompassed critical parameters such as
matrix permeability, the thickness of the production interval, the Productivity Index (J), or the
requisite data for its estimation, including flow rate, reservoir pressure, and flowing bottom
hole pressure. Additional vita information included reservoir and wellbore radius, as well as
fluid properties like oil viscosity.

The term super K, denoting high permeability layers, was originally coined in the
1970s by Saudi Aramco during their work in the Ghawar Oilfield, recognized as the world’s
largest oilfield (Al-Dhafeeri et al., 2005). These layers, typically measuring between three to
twelve feet in thickness, consistently contributed up to 80 percent of a high-productivity
well’s total flow. A similar concept was extended by researchers like (Fernandez et al., 2022;
Yose et al., 2001) in the context of Brazilian pre-salt carbonates. They defined excess
permeability in carbonates as the portion of effective permeability calculated from dynamic
data, typically obtained through well tests (e.g., drill-stem tests or production tests), in
addition to production and injection data. This exceeded the permeability measured through
routine core analysis (RCA).

Several indicators were deployed to identify super K zones, including the
observation of loss of circulation during drilling and the presence of very poor core recovery.
The most decisive method, however, was the application of a flow meter survey, commonly
referred to as the Production Logging Tool (PLT). Productivity data also proved valuable in
corroborating the presence of fractures and other high-permeability anomalies (Al-Dhafeeri et
al., 2005; Fernandez et al., 2022). In our research, we adopted the methodology proposed by
Seright et al., (2001), which employed a straightforward approach grounded in the Darcy

equation for radial flow to define the predominant permeability within the system.
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3.3.2.1. Seright’s Method for Identifying super K Zones.

Seright’s method was anchored on a comparison between the Productivity Index

(/) and the Darcy equation for radial flow, represented by Equation 3.3:

LI —L (3.3)

Pe—Pyy¢ 141.2*u[lnln (:—‘:’/)]

Where Q denoted flow rate, Pe represented reservoir pressure, Pwf indicated
flowing bottom hole pressure, Kmat stood for matrix permeability, & symbolized thickness,
po signified oil viscosity, re denoted reservoir radius, and rw referred to wellbore radius.

When the actual productivity index (J) as depicted on the left side of equation 3.3,
was less than or equal to the right side, it indicated that the well was likely governed by radial
flow, a typical scenario in reservoir characterized be matrix permeability (Seright et al.,
2001). Conversely, when the left side exceeded the right side by a factor of five or more, it
suggested that the well probably was likely experiencing linear flow, this phenomenon
implied the presences of extremely permeable features, faults, vuggy zones, or a combination

thereof, contributing to additional permeability (Seright et al., 2001).

3.3.2.2. Probability of Super K Zones

The determination of super K probability was achieved by applying two different
methodologies. First, the workflow proposed by Eltom et al., (2023) and, secondly, our
methodology was carried out, combining the increase in permeability due to the presence of

vuggy together with the analysis of dynamic data extracted from DST.

3.3.2.2.1. Using the Largest Connected Vug Volume (LCYV)

(Eltom et al., 2023) introduced a probability equation designed to analyze the
connectivity of vugs and identify high permeability connected passageways based on vug
characteristics, including abundance, shape, and size. Equations 3.4 and 3.5 represented the

probability of identifying LCV for oblate and prolate vug shapes, respectively.

P = 1/(Exp(—24.139 + [0.702 % Ab] + [2.857 * Ar] + [0.425  Si]))
(3.4)
P = 1/(Exp(—28.803 + [0.973 * Ab] + [3.147 * Ar] + [0.081  Si]))
3.5)
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Where P represented the Probability of high permeabilities resulting from
connected passageways formed by vugs, Ar denoted Vug shape, Si signified Vug size, and Ab
indicated Vug abundance.

Vug abundance was intrinsically linked to vuggy porosity, vug size, and shape.
These critical parameters were obtained through the meticulous processing of wellbore image
logs.

In our specific case, we relied on the PHIVug curve derived from our
methodology as an indicator of vug abundance (Ab). The process for determining Vug Size

(87) and Vug Shape (Ar) is elucidated in Figure 3.9.
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Figure 3. 9 Wellbore Image processing for obtaining the Vug Size (Si) and Vug Shape (Ar).
Using WBI it is possible to identify the areas with vugs (1), these areas can be extracted (2)
and filtrated (3) to apply measurements on each one of the filtered shapes (4) getting the

parameter necessary to estimate the vug shapes and size.

In a manner akin to the previously elucidated techniques for image segmentation,
a portion of a wellbore image was extracted, as delineated in steps 1 and 2 (refer to Figure

3.9). Subsequently, a specific filter was employed to isolate the salient features of interest,
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notably vugs, as detailed in step 3 (see Figure 3.9). Each of these extracted features was
subjected to meticulous property measurements, encompassing area, major and minor axes,
and the requisite calculations necessary for the application of equations 3.4 and 3.5 were
computed. This comprehensive procedure facilitated the acquisition of crucial data pertaining

to the targeted geological features.

3.3.2.2.2. Curve for ldentifying Super K Zones Based on Dynamic Data and Vuggy
Porosity.
Equation 3.6 was derived through the rearrangement of equation 3.3, with the

term A (equation 3.7) being dependent on several factors, including thickness (4), viscosity

(1), well and reservoir radius (rw, re), and pressure drop (4P).

Q =kmat *A (3.6)

A=2 (141.2*/4*(171(%))) AP 3-7)

Where Q represented the Flow rate, Kmat denoted Matrix permeability, A

signified Constant value depending on thickness (%), viscosity (u), well and reservoir radius

(rw, re), and pressure drop (4P).

The term A was treated as a constant since all values (k, u, re, rw, and AP) were

known. Equation 3.6 was subsequently expressed as a function of total permeability (K7), as
shown in Equation 3.8.
Qt = kt x A = (kmat * (10%¢FP) ) x A (3.8)

Where Kt and CP represented the Total permeability and Partitioning Coefficient,
respectively.

Equation 3.8 allowed for the plotting of Delta permeability (Total - matrix)
against the partitioning coefficient, CP (Figure 3.10). This plot effectively illustrated the
changes in permeability attributable to the presence of vugs. Notably, we chose to use the
partitioning coefficient (CP) as an indicator of vuggy porosity due to its ability to represent
not only vuggy porosity but also the interaction between the matrix and vuggy porosity.

The plot was constructed with respect to a group of reservoir properties, including
viscosity, pressure drop, reservoir and wellbore radius, all of which were encapsulated by the

term A (Equations 3.7 and 3.8). This plot served as the basis for defining regions indicative of
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super K zones, where production per foot exceeded 500 bpd under specified conditions, as

denoted by the dotted lines in Figure 3.10.

Super K Regions
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Figure 3. 10 Super K regions, based on the increment of permeability because of the vug
abundance and the reservoir-fluid properties (pressure drop and fluid viscosity). Three dot
regressions represent the cutoff for super k zones for various pressure drops and viscosity.
(All the values in the plot placed above the respective regression lines (dotted line) represent

super k zones).

A curve for identifying super K zones could be formulated by employing the
regression lines to establish the cutoffs distinguishing super K and non-super K regions
(Figure 3.10). The determination of whether a given data point fell within a super K zone

depended on the proximity of the delta permeability to CP ratio relative to the cutoff line.

34. RESULT AND DISCUSSIONS

In this section, we present the results of our study and engage in a comprehensive
discussion of the findings. Our investigation delves into elucidating the impact of vuggy
porosity on permeability escalation, with a particular focus on its quantification and

integration of static and dynamic data for calibration. These efforts provide valuable insights
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into the characterization of super K zones, shedding light on the mechanisms underlying their
exceptionally high production potential. This analysis contributes significantly to advancing

our comprehension of these crucial geological phenomena.

3.4.1. Vuggy Porosity Estimation:

The vuggy porosity analysis in our study involved the utilization of various data
sources, yielding valuable insights into the subsurface formations. To construct the vuggy
porosity curve, we harnessed the amplitudes from the acoustic wellbore image, represented as
PHIVugAc, with a sampling interval ranging from 0.2 to 1 inch (0.508 to 2.54 cm) (as
illustrated in Figure 3.11, track 3). Concurrently, vuggy porosity, denoted as PHIVugls, was
derived from image segmentation, employing a more substantial sampling rate of 1 meter
(depicted in Figure 3.11, track 4). To facilitate a meaningful comparison between these two
datasets, the PHIVugAc curve underwent smoothing at a 1-meter sample rate, resulting in

PHIVugASm, which is also illustrated in Figure 3.11, track 4.
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Figure 3. 11 Vuggy porosity: PHIVug Ac = vuggy porosity from Acoustic Wellbore Image,
PHIVug Is = vuggy porosity from Image Segmentation, PHIVug_Asm = Vuggy porosity from

Acoustic Wellbore Image smoothed.

These three curves, PHIVugAc , PHIVugls, and PHIVugSm, collectively unveil
intriguing patterns within the subsurface formations. They not only provide insights into
porosity values where vugs are virtually absent or exhibit minimal presence but also offer a
compelling view of regions characterized by a high vug density, signifying the highest vuggy
porosity values. Particularly, the juxtaposition of these curves highlights the areas where
vuggy porosity is most pronounced, allowing us to infer their geological significance.

It is noteworthy that, within Track 4, the PHIVugAc curve subjected to smoothing
(PHIVugAsm) intentionally omits certain stratigraphic variations. This selective treatment of
data is performed with the aim of isolating and accentuating the critical features related to
vuggy porosity, ensuring a more focused and discernible representation. This choice in data
processing holds specific implications for our subsequent discussion and interpretation of the

results, which we will delve into in the following sections.
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The statistical analysis of the curves produced through two distinct
methodologies, namely image segmentation and the extraction of amplitudes from acoustic
Wellbore Imaging (WBI), is comprehensively presented in Table 3.1. This table serves as a
pivotal reference point for assessing and contrasting the outcomes obtained from these two
analytical techniques, offering valuable insights into the characteristics of the dataset and the
effectiveness of each approach.

Table 3.1 encapsulates a wealth of information, including descriptive statistics,
measures of central tendency, and measures of variability, for both sets of curves. This
comprehensive statistical summary facilitates a nuanced understanding of the data’s central
tendencies, the degree of dispersion, and any potential outliers or notable trends. By
juxtaposing the outcomes derived from image segmentation against those extracted from
acoustic WBI, our analysis takes a holistic view of the dataset’s properties, thus contributing
to a more robust interpretation and discussion of the results. This detailed examination of the
statistical results will help inform our broader discussion and provide a deeper understanding

of the study’s outcomes.

Table 3. I Statistics for PHIVug by two different methods

Arithmetic Standard

Variable Unit Minimum Maximum . .. Variance
mean Deviation
fHIVug_A v/v 3'000972 (2)'092326 0.0101154 0.011862 0.000141
. 1
PHIVug Is  v/v g 00065 0.080593  0.0159222 0.013918 0.000194

3.4.2. Total Permeability K¢

In this section, we delve into the intriguing realm of total permeability (K?), a
critical parameter in the assessment of subsurface formations. Our exploration of Kt unfolds
after applying a meticulous vuggy porosity correction, and the resulting total permeability
curve takes center stage, as illustrated in Figure 3.12. This curve is instrumental in elucidating
the incremental impact of vuggy occurrences on permeability, strategically showcased in a
distinctive brown region nestled between matrix permeability (Kmat) depicted in orange and

the vuggy adjusted total permeability (K7) in serene blue, primarily featured in Track 6.
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Figure 3. 12 Matrix permeability and total permeability. Track 1 mineralogy, Track 2 acoustic
WBI, Track 3 total and vuggy porosity, Track 4 partitioning coefficient CP, Track 5
partitioning coefficient classes, Track 6 matrix, Schlumberger Doll Research and Total
permeability, Track 7 production rates for each interval, Track 8 matrix pore size using

Winland R35.

Of particular interest 1s the noticeable divergence between Kt and the
Schlumberger Doll Research-derived permeability (KSDR) evident in Track 6. KSDR
consistently portrays lower values than Kz, a trend that calls attention to its limitations in
accurately characterizing permeability when vuggy occurrences are in play.

Figure 3.12 further unveils a compelling relationship between total permeability
and the extent of vuggy porosity within three distinct stratigraphic intervals, aptly designated
as A, B, and C. These intervals offer distinct narratives, as highlighted in Table 3.2. For

instance, intervals A and B exhibit substantial vuggy porosity, signifying permeability
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increments from matrix values (Kmat) of 26.5 and 7.2 times, respectively. Meanwhile,
interval C, marked by minimal vuggy porosity (Fv), registers a modest increase of merely 1.2
times, underlining the pivotal role of vuggy occurrences in permeability enhancement.

Central to our study is the partitioning coefficient (CP), a versatile parameter that
not only serves as an indicator of vuggy porosity but also quantifies the interaction between
the matrix and vugs. Track 4 in Figure 3.12 underscores this relationship, revealing the
absence of vugs when CP reaches zero, while higher CP values indicate abundant vuggy
occurrences.

To enhance our understanding of vuggy porosity and its matrix interactions, we
classify CP into five distinct classes, as portrayed in Track 5 of Figure 3.12. CPI represents
zones characterized by low or absent vuggy pores, while CP2 showcases sporadic vuggy
occurrences, primarily observed in interval C. Classes CP3, CP4, and CP5 indicate
substantial vuggy density, with CP4 and CP5 aligning with zones featuring both matrix
porosity and high vuggy porosity. These classes are prominently associated with intervals A
and B, as graphically depicted in Figure 3.12.

Our research reveals a critical correlation between CP3, CP4, and CP5 classes
and rock types boasting meso, mega, and macro pore structures. Nevertheless, it’s worth
noting that not all rock zones exhibiting these pore types inherently harbor vuggy porosity.
This observation underscores the role of pore size in governing fluid flow and the matrix-vug
interaction, as expressed through CP classes. Pore types at the nano and micro scales exhibit
limited vuggy porosity occurrences, often leading to negligible CP values.

Table 3.2 offers a comprehensive summary of permeability values and the
associated factors used to calculate total permeability within a pivotal well. Notably, Qo,
representing production rates, varies significantly across intervals A, B, and C during
production tests conducted via a Production Logging Tool (PLT). Despite the production rate
disparities, total porosity (PHIT) and matrix permeability (Kmat) values remain relatively
consistent across these intervals. Intervals A and B register the highest production rates,
closely linked to their higher vuggy porosity proportions compared to interval C, where vuggy

occurrences are nearly absent.
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Table 3. 2 Production by intervals and parameter for Kt estimation

Interval h(m) Kmat

PHIT  PHIVug  CP F Qo K Qo
ave v
(mD) (v/v)  (v/V) (v/v) [(m3/d)/(b/d)]  (mD)
A 3 153.27 0.1384 0.0297 0.204  26.497  684/4302.36  4061.151
B 5 206.78 0.1509 0.0404 0.2528  7.202  427/2685.83  1489.309
C 4 15511 0.1439 0.0074 0.051  1.298 45/283.05 196.191

Kmat aver = matrix permeability average, PHIT= Total Porosity, PHIVu = Vuggy Porosity,
CP= Partitioning coefficient, Fv= Permeability correction Factor, Qo = Oil flow rate, KQo =

permeability needed to get the Qo.

In Figure 3.12, the matrix permeability and total permeability relationship is
showcased across multiple tracks, including mineralogy, acoustic WBI, porosity data,
partitioning coefficient CP, partitioning coefficient classes, matrix data, total permeability,
production rates, and matrix pore size. This holistic view of the data facilitates a
comprehensive analysis of the interplay between vuggy porosity, permeability, and
production rates. To enhance our classification and quantification of pore types and their
impact on permeability, we incorporate Nuclear Magnetic Resonance (NMR) logging data
across the three intervals. NMR proves to be a valuable tool for estimating total porosity, as it
remains independent of lithological parameters, as illustrated in Track 1 of Figure 3.13.
Furthermore, we employ bin porosity distribution to gain insights into pore size distribution,

which is vital for identifying large pores within NMR data, evident in Track 2.
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Figure 3. 13 Use of NMR for identifying possible vugs zones, and as matrix permeability
indicator. Track 1, core porosity and total porosity from NMR; Track 2, bin porosity
representing 0.3, 1, 3, 10, 33, 100, 300, 1000 ms; Track 3, T2 distribution and 72 log mean;
Track 4, Acoustic Wellbore Image; Track 5, core permeability, permeability using the
Schlumberger Doll Research equation for carbonates KSDR, Permeability using Timur
equation KTIM; Track 6 partitioning coefficient CP; Track 7, matrix pore throat size; and

Track 8, production profile.

In terms of permeability, we examine two NMR permeability approaches, KTIM
and KSDR, which demonstrate proximity to matrix permeability (Kmat) compared to total
permeability (K7), as depicted in Track 5 of Figure 3.13, particularly in intervals marked by
substantial vuggy porosity (high CP). This concurrence can be attributed to the inherent
limitations in NMR data, including resolution and acquisition methods. Notably, zones

abundant in large pores, such as vugs and caves, often exhibit high porosity but lower
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permeability values, a phenomenon influenced by drilling mud, as outlined by Victor et al.,
(2020).

It is imperative to emphasize that our study acknowledges discrepancies between
NMR derived permeabilities (K7TIM and KSDR) and core permeability, as elucidated in Figure
3.13, Track 5. While both equations yield higher permeability values than core measurements,
they still fall short of accurately representing the vuggy effect, which may differ by up to two
orders of magnitude. This underscores the necessity of calibrating NMR permeability
equations with core data and image logs, particularly in zones characterized by large pores,
such as vugs and caves.

In summary, this section unveils the intricate relationships between vuggy
porosity, permeability, and production rates across distinct stratigraphic intervals. Our
exploration encompasses diverse parameters, including CP, KQo, and Fv, shedding light on
the multifaceted dynamics within subsurface formations. The incorporation of NMR data
further enriches our understanding, emphasizing the need for calibration to refine our

permeability predictions in vuggy-prone zones.

3.4.3. Super k production from Seright’s method:

Our investigation employs Seright's methods (equation 3.3) (Al-Dhafeeri et al.,
2005), to identify super K zones and the results are meticulously detailed in Table 3.3.
According to Seright’s criteria, to classify as a super K zone, the daily production must exceed
be 500 barrels per day per foot, equivalent to 79.49126 m’/d or 260.7981 m’/d/m. While none
of the analyzed intervals meet this stringent production threshold, Interval A, boasting a
thickness of 3 meters (9.84 feet) and a total production of 684 m’/d (437.23 bpd/ft), comes
tantalizingly close to meeting these criteria. This proximity suggests that interval A likely

encompasses one or more stratigraphic layers harboring potential super K zones (Figure 3.14).
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Table 3. 3 Super k definition

Zone Q /AP (XK xh) /[141.2+xu  Flow Production
*In(re / (rw))] regime rate
(bpd/psi) (m*d/MPa) bpd/ft m*d/m
A 23.82 549.65 1.66 linear 437.11 228.00
B 14.87 343.126 3.73 linear 90.78 47.35
C 1.57 36.228 2.24 radial  21.57 11.25

*Production (bpd/ft) estimated from PLT test.



118

Probability Probability

" PHIVu_AWI

Qi

] m3id 1000/

0 90 180 270 360

Figure 3. 14 Super K occurrence: Track 1 Acoustic Wellbore Image; Track 2 Mineralogy;

Track 3 probability of super K occurrence using LCV (Eltom et al.,, 2023); Tracks 4

Probability Based on dynamic data and Vug occurrence. Track 5 Production from PLT.



119

Vital parameters for our analysis are presented in Table 3.3. The second column
showcases the productivity index (J) on the left side of Equation 3.3, while the third column
incorporates Darcy’s equation for radial flow on the right side of Equation 3.3. For both
Intervals A and B, the productivity index values significantly surpass their corresponding
Darcy equation values by at least a factor of five. This discrepancy indicates a linear flow
behavior, as elucidated by Seright’s methods (Al-Dhafeeri et al., 2005), signifying that the
matrix permeability alone cannot account for the observed production rates within these
intervals. In these cases, the additional permeability must be attributed to the presence of
vuggy porosity.

Conversely, in Interval C, the ratio between the productivity index and the Darcy
equation falls below five times, indicating radial flow behavior. This finding implies that
vuggy porosity plays a less substantial role in contributing to production within this interval.
These outcomes provide valuable insights into the flow dynamics and permeability
characteristics across these stratigraphic intervals.

Our analysis, while not identifying super K zones meeting the stringent criteria,
highlights the potential for their existence within Interval A. Moreover, the contrast in flow
behavior between Intervals A and B, which exhibit linear flow, and Interval C, characterized
by radial flow, underscores the influence of vuggy porosity on the production dynamics.
These findings contribute significantly to our understanding of the reservoir’s production

potential and guide future exploration and development strategies.

3.4.4. Super K zones:

In our quest to pinpoint super K zones within the reservoir, we employed two
distinct approaches: (1) the methodology presented by Eltom et al., 2023) known as the LCV
methodology and (ii) our innovative approach, which centers on the concept of super K zones.
Our approach takes into account dynamic data and the enhanced permeability arising from
vuggy porosity. Figure 3.14, Track 3, offers insights into the outcomes derived from Eltom’s
methodology, revealing distinct patterns for Intervals A, B, and C. Notably, for Interval A, we
observe two areas approaching a probability of 1, signifying the potential presence of super K
zones. In the case of Interval B, four areas hint at the likelihood of super K zones, while for
Interval C, the probability of super K zones is notably absent.

Our proposed methodology allows us to visualize the probability curve for super

K zones in Figure 3.14, Track 4. To create this curve, each zone was meticulously divided
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into one-foot intervals, resulting in 10 points for Zone A (3 m / 9.84 ft), 17 points for Zone B

(5 m / 16.40 ft), and 14 points for Zone C (4 m / 13.12 ft). At each of these points, we

computed values for CP (partitioning coefficient) and delta permeability (Kt — Kmab),

subsequently plotting them on the super K zone graph depicted in Figure 3.15. The brown
dotted line on Figure 3.15 signifies the boundary for super K zones within a reservoir
characterized by specific parameters obtained from the DST test, including a pressure drop of
180 psi, a viscosity of 0.89 c¢p (centipoise), a volumetric factor of oil of 1.1 Bn/By, a reservoir
radius of 1500 f¢, and a well radius of 0.70833 ft.

The data points in Figure 3.15 are color-coded to represent the respective zones,
with Zone A points denoted as red squares, Zone B as brown circles, and Zone C as green
diamonds. Each point’s position relative to the brown dotted line determines whether it
exhibits super K behavior. Points located above the threshold line are indicative of super K
behavior, while those below the threshold line do not demonstrate such characteristics. This
analysis allows us to gauge the probability of each point being associated with a super K zone.
Remarkably, Figure 3.14 (Track 4) and Figure 3.15 consistently identify Interval A with two
points demonstrating super K behavior (indicated by yellow stars), Interval B with five such
points, and Interval C with none.

The results garnered through the Eltom methodology and our innovative approach
exhibit remarkable consistency, bolstering the reliability of our findings.

Although the likelihood of super K zones is depicted as a continuous curve
(Figure 3.14, Tracks 3 and 4), it is often assessed in zones based on actual production rates.
Table 3.4 offers a comprehensive breakdown of the likelihood of super K zones within the
three intervals under scrutiny. The fourth column of Table 3.4 presents the average production
per foot, while the third column showcases the production rates in barrels per day (b/d) for
each zone. Finally, the sixth column illustrates how far each interval falls short in terms of the

fraction required to qualify as a super K zone, defined as a rate of at least 500 bpd/ft.

Table 3. 4 Probability of Super k occurrence by zones

Zon h (ft) Production Rate Production Probability
e Qo (b/d) Qo(m3/d) (B/d/ft) by
production
A 9.84 4302.36 684 437.11 0.87
B 16.40 2685.83 427 163.00 0.326

C 13.12 283.05 45 21.57 0.042




121

Super K Regions

(mD)

-0.600 -0.400 -0.200 0.000 0.200 0.400 0.600 0.800 1.c00
& Km50 CP
& Km100
& Km200
& Km300
& Kmano
@ BreElofBreiddrop 180)
@

Figure 3. 15 Super K region. Each point represents one foot for its zone, red squares interval
A, Brown circles interval B and green diamonds interval C. The dotted line represents the

border to define super k zones with production higher than 500 b/d/ft.

In Figure 3.14, Track 4, some points are marked with stars, indicating a
probability exceeding one for being considered a super K zone. This implies that if an
individual interval (one foot) is assessed independently, it would exhibit a production rate
surpassing 500 bpd, thus qualifying as a super K zone. The scale on 14’s track ranges from 0
to 2, primarily serving to highlight which interval has the potential to exceed the minimum
production rate represented by 1 on the scale.

Interestingly, the same points marked with stars in Figure 3.14, Track 4, are also
observed in Figure 3.15, situated above the threshold line. This alignment underscores their
potential as super K zones. When evaluating production intervals for Zones A, B, and C as a
unified entity, as depicted in Table 3.4, the probability of being considered super K zones
becomes an average of the individual foot-level values. Consequently, Zone A, evaluated as a
whole, comes remarkably close to achieving the coveted 500 bpd/ft threshold. Conversely, the

probability for Zone B to be classified as super K decreases due to its greater thickness,
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coupled with certain intervals exhibiting minimal production. Zone C exhibits the lowest
probability, as a careful foot-by-foot evaluation fails to reveal any instance demonstrating
super K behavior.

In essence, our comprehensive analysis paints a clear picture of the potential super
K zones within the reservoir, bridging the gap between theoretical probability and real-world
production rates. These insights hold significant implications for reservoir management and

production optimization strategies.

3.5. CONCLUSIONS

In this study, we have delved into a pressing issue observed in certain carbonate
reservoirs, namely the inadequacy of core plug permeability values in representing substantial
production rates. Often, the presence of vuggy porosity is overlooked in plug creation, where
these plugs typically encapsulate matrix porosity or smaller vugs. Vugs exceeding the plug’s
dimensions can indeed be identified in core samples and image profiles. The repercussions of
vuggy porosity on the augmentation of total permeability are frequently identified through
DST-type pressure tests or production data. However, the quantification of vuggy porosity’s
influence on permeability has scant references, primarily qualitative in nature. Adjustment
processes are often carried out through trial and error or by applying multipliers. In this work,
we introduce a methodology that hinges on dynamic results, such as DST-type pressure tests
or production data (PLT or Productivity Index), to rectify permeability due to vuggy porosity
effects.

For carbonate reservoirs exhibiting high production rates, the potential
identification of intervals or super K zones has significant implications. This work presents a
methodology aimed at constructing a super K zone probability curve based on the
augmentation of permeability attributable to vuggy porosity and dynamic data, including
factors such as the pressure drop between the sand face and the reservoir, viscosity, and
others. In summary, this study yields the following key conclusions:

e Permeability Modeling Challenges: Modeling permeability proves to be a formidable
challenge in geological modeling, exacerbated when working with carbonates due to their
intricate pore network and fracture systems.

e Diverse Methodologies: A variety of methodologies have been employed, encompassing

direct permeability measurements in core plugs, permeability assessments through DST -type
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pressure tests, and indirect permeability estimations employing artificial intelligence,
mathematical regressions, or advanced techniques like NMR. The integration of static and
dynamic data remains an unaddressed gap in the current landscape.

e Impact of Vuggy Porosity: When vugs coexist with well-performing matrix properties
(porosity and permeability), interval permeability can experience exponential growth, exerting
a substantial yet relatively unexplored influence on permeability calculations.

e Vuggy Porosity and High Fluid Production: Reservoirs characterized by favorable matrix
qualities can experience exponential increases in interval permeability due to the presence of
vugs, resulting in elevated fluid production rates. NMR Permeability Limitations: The NMR
permeability values, as calibrated in this case study, were insufficient for estimating
permeability in intervals housing vugs.

e Proposed Permeability Estimation: We propose a novel approach for estimating
permeability that considers vuggy porosity and fine-tunes permeability estimates using
production or DST data.

e Identification of super K Zones: Our study unveiled small intervals with exceptional
production rates that exhibit behavior akin to super K zones.

e Factors Influencing super K Zones: The presence of super K zones in this reservoir is
contingent upon various variables, including vuggy porosity quantity, vug size, shape, and
interactions with the matrix. Notably, zones with macro and mega pore throat sizes tend to
manifest in the presence of high vuggy porosity.

e Production-Dependent Definition: Given that the definition of super K zones hinges on
production rates, this parameter is intricately linked to reservoir characteristics, such as
pressure drop, and fluid attributes, including viscosity.

e In conclusion, this study advances our understanding of permeability modeling in
carbonate reservoirs, emphasizing the critical role of vuggy porosity and its profound impact
on production rates. The proposed methodology bridges the gap between static and dynamic
data, offering a comprehensive approach to permeability assessment. These insights hold
immense value for reservoir management and the optimization of production strategies in

complex carbonate reservoirs.
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Abbreviations

NMR= Nuclear Magnetic Resonance
DST=drill-stem tests (DST)

J = Productivity Index

UWSBI = ultrasonic wellbore images

super K = intervals with high permeability
CP = partitioning coefficient

MAX_Amp = maximum amplitudes
MIN_Amp = minimum amplitudes

dB = decibels

Vugs_Indicator = Indicator of vuggy porosity

Vuglndx = Vuggy Index, vugs_indicator

normalized.

PHIVug/(@vug) = vuggy porosity
CT= Computed Tomography

Kt= Total Permeability

Kmat = matrix permeability

Kd = dynamic permeability

Fv = Permeability Correction Factor
PLT = Production Logging Tool

Q = Flow rate

Pe = Reservoir pressure

Pwf = flowing bottom hole pressure

K = permeability from matrix properties

U = QOil viscosity

LCV = Largest Connected Vug Volume

P = Probability of high permeabilities from

connected passageways of vugs.

Ar =Vug shape.

Si= Vug size.

AB= Vug abundance.

PHIVu_AWI = vuggy porosity curve from

acoustic wellbore image

PHIVu-ISeg = vuggy porosity curve from image

segmentation

PHIVu_Sm = Vuggy porosity from Acoustic

Wellbore Image smoothed

CT_PHIT = total porosity from CT

CT_PHIVug = Vuggy porosity from CT

KQo = Permeability needed to get the Qo

KSDR= Permeability from Schlumberger Doll

Research

Ktim= Timur permeability

CBP = Bin porosity from NMR

T2LM = Logarithmic mean of T2 distribution
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GEOSTATISTICAL METHODS FOR FACIES MODELING OF A PRE-SALT
RESERVOIR, A CASE STUDY IN SANTOS BASIN, BRAZIL

Abstract: Improved recovery procedures are necessary to maximize resource extraction from oilfields.
Comprehending the geology and hydraulics of the reservoir is essential to the effectiveness of these
techniques. A helpful tool for comprehending the complicated variety and architecture of the facies is
the 3D modeling. A thorough 3D facies model is a crucial instrument for semi-quantitatively
characterizing sedimentological aspects in subsurface reservoir research. Reservoir geological models
are built using scattered point data indicating specific facies' presence. These point data can be derived
from core descriptions, which provide information about the sedimentation environment and, as a
result, the geometry of the facies or geobodies. Many techniques or algorithms are applied to
reproduce the distribution of facies, their continuity, and even their geometry. We can mention pixel-
based techniques that rely on the use of variograms, such as the Sequential Indicator Simulator (SIS),
which can use as input data facies proportions, probabilities, facies trends such as maps or volumes,
and primarily variograms for each of the facies to be modeled, and which produces a pixelated model
that honors all the input data. When the facies model is not well defined, the geometries of the bodies
are unclear, and there is little data available, this model is often utilized. The truncated Gaussian
Simulator (7GS), which, like the SIS, is based on variograms, uses a single variogram for all facies. It
is widely used when there is a relationship between facies of type cyclicity and has the advantage of
being able to model geometries at large scales while respecting the relationships or transitions between
the facies. Another popular algorithm in recent years is the Multi-Point Static (MPS), which is based
on the use of a Training Image (77) that is a reflection of the geological models that you want to
model. MPS has the advantage of being able to create more complex bodies while still respecting the
geometry and relationships of the bodies. However, the main input is the training image, which can be
difficult to create. When working with several facies, MPS can be difficult to use and can require a
significant amount of machine memory and time. In this paper, we will model facies using SIS, TGS,
and MPS and assess their applicability in a real-world scenario of Brazilian pre-salt.

Keywords: Facies modeling; Sequential Indicator Simulator; Truncated Gaussian Simulator; Multi-
Point Statistics.
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4.1. INTRODUCTION

The ultimate goal of a geological model in oil fields is to use such a model to
reproduce its oil production and predict future production behaviors using simulation models,
making reservoirs' geological modeling a critical element in oil field development, providing
a mechanism to integrate the available geological data and concepts (Soleimani & Shokri,
2015; Straubhaar et al., 2020).

Understanding the underlying configuration is essential in any reservoir
characterization study (Al-Bulushi et al., 2019). Different information is integrated at
different scales for this (Durlofsky & Chen, 2012). To offer complete reservoir descriptions,
geological interpretation based on seismic data is typically utilized to interpolate or
extrapolate data gathered at dispersed well locations (Soleimani & Shokri, 2015).

The precise description of reservoir geometry, including the structural framework
and detailed stratigraphic layering distribution, is one of the fundamental issues in reservoir
modeling (Alhadithi, 2021; Amjed & Zuhair, 2022). Structural frameworks define a
reservoir's principal compartments and frequently give excellent controls over on-site fluid
quantities and fluid flow during production. As a result, it becomes essential to model
structural frameworks as precisely as feasible. Following that, it is necessary to reproduce the
distribution of facies or sets of facies and their relationship with reservoir properties; for this
purpose, various geostatistical methods that consider the variations of the phenomena are used
to describe the spatial continuity through the creation of reservoir models (Martyushev et al.,
2023; Soleimani & Shokri, 2015).

One of the most common issues encountered while developing facies models and
petrophysical attributes is the reproduction of body continuity and geometry. It is becoming
more usual to utilize complex conceptual geological models of deposits to emulate these
geometries and solve difficulties of facies distribution and continuity (Nabawy et al., 2023).

There are different studies related to the complexity and heterogeneity of the
Barra Velha Formation in terms of facies and properties of the reservoir (Alves et al., 2017;
A. de Lima et al., 2023; de Paula Faria et al., 2017; Ferreira et al., 2021; Gavidia et al., 2023b;
Gomes et al., 2020; B. E. M. Lima & De Ros, 2019; Netto et al., 2022; Terra et al., 2010; P.
Wright & Barnett, 2017), only some of them are focused on representing a 3D facies model

(de Paula Faria et al., 2017; Ferreira et al., 2021).
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In this paper, we will explain the application of three techniques for facies
modeling in a carbonate reservoir in the Santos Basin: Sequential indicator Simulator (SIS),
Truncated Gaussian Simulator (7GS), and Multi-Point Statistic (MPS). Different models will

be developed to assess the benefits and drawbacks of using these techniques.

4.2. GEOLOGICAL SETTINGS

The studied carbonates in this work correspond to the Aptian Barra Velha
Formation BVF (Figure 4.1). BVF in Santos basin constitutes a stratigraphic sequence with
thicknesses ranging approximately 400 meters west of the reservoir, decreasing to
approximately 30 m thickness in the eastern part, these thicknesses can be identified by well
tops and observed through seismic, presenting a truncation against the basement (Camboriu
Formation).

Concerning its formation environment, the hypothesis that the Aptian carbonates
of the Santos basin have a marine origin has been excluded due to the absence of marine
fossils (de Paula Faria et al., 2017; V. P. Wright & Barnett, 2015).

There are numerous classifications of facies in the Santos basin (Fernando De Ros
& Oliveira, 2023; Gomes et al., 2020; Terra et al., 2010; V. P. Wright & Barnett, 2015). In
this study, we simplify the facies of Gomes 2020, which are represented by facies in situ types
shrubstone and spherulitestone and facies dominated by mud content classified as mudstones;

additionally, facies are regarded products of facies in situ rework.
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Figure 4. 1 Local Stratigraphic chart of the Santos Basin, Brazil. The studied range is
highlighted by the red polygon. Modified from (Gavidia et al., 2023b).
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MATERIALS AND METHODS

A structural model with fault and horizons interpreted, A key well with facies
description covering 96% of the reservoir, facies estimated using Artificial Intelligence (Al)
for 41 wells, a conceptual geological model from Barra Velha Formation, and petrel 2022 for

building the geomodel.
Key Well:

The quantity and quality of the data to be used determines the definition of one or
more key wells. In geomodelling, a key well is one that acts as a reference for the rest of the
wells in the field. The data from the key well is used to calibrate the model and predict the
behavior of the field's other wells. The key well is usually chosen because it provides the most
complete data collection and is representative of the reservoir (danomics, 2022).

The Selected Key Well counts (166.61 m out of 171.09) with core description
covering a total of 97% of the reservoir thickness, has a complete suite of conventional well
logs (GR-RT-RHOB-NPHI-PEF-DT) and special well logs (ECS, NMR, WBI, PLT),

additionally conventional and special core analysis for 741 samples.

Key Well

Imbalance dataset

Splitting: stratify

]

:

Humber of Sanale

TSI

Figure 4. 2 Left: Key Well with facies description. Track 1 Gamma Ray, Track2 Sonic, Track
3: Photoelectric Factor (PEF), Formation Density (RHOB), Neutron Porosity (NPHI), Track 4
mineralogy, Track 5 core facies description, Track 6 facies estimated using Al. Right:

Histogram showing the frequency of the facies.
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Facies:

there is a detailed core description of a key well covering 97% (Figure 4.2, track
5) of the reservoir and including 9 facies: Anhydrite (Anh), Calci-mudstone (Ca-Md), Dolo-
mudstone (Do-Md), Grainstone-Rudstone (Gr-Rd), Shrubstone (Shr), Siliceous—Mudstone
(Si-Md), Spherulitestone (Sph), Volcanic-Grainstone (Vol-Gr) and Volcanic-Rudstone (Vol-
Rd). Anhydrite is only present at the top of BVF and represents the transition zone from Ariri
Formation to BVF (Gavidia et al., 2023b), Shrubstone and Spherulitestones represent the in-
situ sediments, together with Ca-md, Do-Md, and Si-Md which are grouped as mudstone
(Mud) (Figure 4.3) In the Conceptual Geological Model (CMD) (Figure 4.4), similarly Gr-Rd,
Vol-Rud and Vol-Gr are facies products of reworked activity, they are represented in the CGM
as reworked facies (Gavidia et al., 2023b) (Figure 4.3 and Figure 4.4). This simplification
agrees with the facies described in the conceptual model. The facies model carried out in this
work is based on 5 Facies, which includes anhydrite located at the top of the reservoir, and
due to its low presence, it is possible not to consider it. The rest of the facies considered are
mudstones, shrubstones, Spherulitestone, and reworked facies, all of them considered as
depositional facies.

Another point contemplated to simplify the number of facies is the thickness some

facies can go from a couple of centimeters to some meters.

Facies|Color] [Code|Facies
Anh
Mud
Re-worked

Shr
Sph
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Figure 4. 3. Facies from key well description (9 facies) and its simplification (5 Facies) to

%ﬂmmhwmam

agree on the Conceptual Geological Model.
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Conceptual Geological Model:

The construction of CGMs is a complex process that involves the application of
geological rules and experience. These models describe essential features of geological
situations, illustrate the principal processes of the petroleum system, and provide important
information about reservoir characteristics, facies distribution, geometric, properties, etc. The
CGMs are being extensively used as the key input for 3D reservoir modeling and simulation
at different stages of exploration and production (E&P) projects (Cavero et al., 2016; Orellana
et al., 2014; Singh et al., 2017). In this project, the facies conceptual model used was created
by the Geological Modeling Group at Unicamp (Figure 4.4).

The CGM divides the Barra Velha Formation into three zones: Upper, Medium,
and Lower. Even though the facies defined (Shrubstone, Spherulitestones, re-worked, and
Mudstones) are presented into the three zones, each one of the zones has different proportions
and configuration of facies. The CGM proposed honors the facies description from the key
well and agrees with similar models proposed for BVF (Arienti et al., 2018; Gomes et al.,

2020; Terra et al., 2010).

Spherulitestones
B Shrubstones
"« Mudstones P et
. Reworked B : s

Figure 4. 4 Conceptual Geological Model. Source Modelagem Geologico do Reservatorio
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The workflow followed in this work can be summarized in the flowchart observed
in Figure 4.5, first, we used a structural framework previously built which contains three main
horizons (Barra Velha, Itapema, and Camboriu) and two internal horizons within the objective
Formation Barra Velha (BV upper, BV middle, and BV lower). Additionally, it has thirteen
faults interpreted. (Figure 4.6).

The structural framework's horizons are then used to construct the zones. Barra
Velha Formation and Itapema Formation comprise two main zones, although the aim is
centered on Barra Velha Formation, which is separated into three further zones (Upper,
Middle, and Lower). A preliminary split of the zones is generated (layering). This subdivision
must meet a set of criteria, including keeping the primary facies and reservoir features after
upscaling and honoring the stratigraphical configuration. Once the layering is completed, it is
validated using the upscaling procedure, which requires that facies, reservoir attributes, and
even production intervals be honored; if the upscaling fails to meet one of these requirements,
the layering must be changed. If the facies and reservoir properties at the well location are
respected, we can proceed with the data analysis. In this step, the data (Facies and properties)
is processed to obtain Facies proportions, thickness, attribute probability, and to model the
variograms. Some of the tools used during data analysis include histograms, Vertical
Proportional Curves (VPC), functions, cross plots, and variograms. Finally, we employed
facies modeling to populate the grid with facies; multiple techniques, including SIS, TGS, and
MPS, were tested. If the facies distribution does not match our conceptual model, the data

analysis or training image might be revisited.
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Figure 4. 5 Flowchart followed for creating the facies modeling.

Structural Framework:

The structural configuration corresponds to a small area of 260.4 Km” in the Santos
basin, including the interpretation of three main horizons (Barra Velha, Itapema, and
Camboriu Formation) and the subdivision of BVF into Upper, Middle, and Lower parts.

Similarly, it includes the interpretation of 14 faults. (Figure 4.6).
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Figure 4. 6. Structural Framework, identifying faults and horizons used, corresponding with

the seismic interpretation.

Zone and Layering:

Zones and Layering are two steps in defining the vertical resolution of the 3D
grid. The zone process is used when at least two geological horizons are present. The
Layering process enables us to define the final vertical resolution of the grid by setting the
cell thickness or the number of desired cell layers. The division of geological or geophysical
data into discrete strata is referred to as layering in geomodelling. Zones and layering enable
the viewing and investigation of several geological units, features, or attributes within a given

vertical range.
Layering in geomodeling is explained as follows:

1. Vertical Divisions: Layering is the process of splitting a three-dimensional
geological or geophysical area (Zone) into layers. Each layer corresponds to a different depth
interval from a geological unit (Nabawy et al., 2023; Orellana et al., 2014).

2. Layer Attributes: Each layer can be assigned a variety of characteristics such as
lithology, porosity, permeability, mineral composition, seismic velocity, or any other relevant
parameter. Well logs, core samples, seismic data, and other sources are commonly used to get

these properties(Orellana et al., 2014).
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3. Layer Thickness: Depending on the geological context and available data, the
thickness of each layer can be uniform or vary. It could be based on lithological changes or
structural traits in some circumstances.

4. Stratigraphy and Deposition: Geomodelling layering must mimic the geological
formation's inherent stratigraphy and depositional history. It aids in representing the

accumulation of sedimentary or volcanic layers throughout time (Orellana et al., 2014).

For defining the layers style there are three methods, proportional, stratigraphic,
and follow horizon. The proportional method divides the zone into a given number of layers,
the number of layers is constant even though the zone thickness changes from one point to
another. The stratigraphic method is similar to the proportional method with a proper
truncation in the presence of an unconformity, and the follow horizon method divides the
zone into cell layers with a constant user-controlled thickness, it could be following the top,
where the cell layers are parallel to the top of the zone and downward, or following the base,
where the cell layers are parallel to the base of the zone and upward, see Figure 4.7. Table 4.1
shows the combination of the layer methods and the type of layering. The proportional and
stratigraphic methods can use a number of layers and fractions, while “follow horizon” can

only use a definition of layer thickness.

Table 4. 1 Methods and types of layering

Methods Type
Proportional Number of layers
Fraction
Stratigraphic Number of layers
Fraction

Follow Horizon  Thickness
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Figure 4. 7. Layering methods and types: a) Proportional method showing a fraction layering.

i

Zone
thickness

b) Stratigraphic method defined by the number of layers. ¢) Follow the top method and d)
Follow the base

Upscaling:

is a geological and reservoir engineering procedure that converts fine-scale
information about the composition and attributes of rock formations (facies) or properties
(porosity, permeability, etc), into coarser representations that can be more easily incorporated
into larger-scale models. This is especially true in the oil and gas business, where reservoir
models are used to forecast the behavior of hydrocarbon reservoirs(Nabawy et al., 2023;
Orellana et al., 2014; Schlumberger, 2021, 2022; Singh et al., 2017).

When using well logs, the way well log samples are selected and averaged in each
cell depends on the type of log upscaled, its sampling rate, and the characteristics of the wells.
The main statistical model used for well-log upscaling is shown in Table 4.2. Figure 4.8

depicts an example of well-log upscaling.
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Table 4. 2 Main Statistical algorithm used for upscaling

Discrete Data Continuous Data
(Facies) (Reservoir properties)
Most of Arithmetic
Media Harmonic
Minimum Geometric
Maximum RMS
Arithmetic Median
Midpoint picked Sum

Modified from (Schlumberger, 2021, 2022)

Figure 4. 8. left side cells upscaled, right side Raw well log. All well-log values that fall
within the cell will be averaged according to the selected algorithm (Table 4.2) to produce one

log value for that cell.

For discrete well logs (for example, facies or zone logs), the average method Most
of (statistically the mode) is recommended. (Nabawy et al., 2023; Orellana et al., 2014;
Schlumberger, 2021; Singh et al., 2017)The upscaled value will then correspond to the value
that is most represented in the log for that particular cell.

Similarly, to well logs upscaling, geological grids can be upscaled. Grids for
geological applications aim to retain tiny changes in facies properties and frequently have
small dimensions and a large number of layers, resulting in a large number of cells that are

not computationally practical for simulation models, demanding grid upscaling
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(Schlumberger, 2021). The upscaling process employs statistical or mathematical approaches
to aggregate data, ensuring that the relevant geological and petrophysical properties are
preserved in the coarser form to the greatest extent possible. Even though upscaling involves
simplifications, the goal is to keep the essential reservoir properties in order to obtain credible
projections(Nabawy et al., 2023; Orellana et al., 2014; Singh et al., 2017). The resulting
scaled grid is known as a simulation grid, and it makes the reservoir modeling process more
manageable by performing facies and property upscaling, allowing for more informed
drilling, production, and reservoir management decisions. This phase is crucial because it

balances precision needs with computational economics.

Data Analysis

Data used for geomodelling comes from diverse sources, such as well logs, core
samples, seismic data, and outcrop observations. These data sources contain useful
information regarding lithology, mineralogy, porosity, permeability, and other properties
related to various facies. Before using the data for creating the geostatistical distribution it is
necessary to apply a data analysis which includes cleaning, transformation, and identification
of relationships and trends among other properties (Amjed & Zuhair, 2022; Martyushev et al.,
2023).

Data analysis is the process of exploring and quality controlling the data, to be
used as inputs for discrete (Facies) and continuous (Petrophysical property) modeling.

Data analysis enables a detailed analysis of the row and upscale data for both
discrete and continuous properties. for discrete properties, it is common to use processes such
as facies proportion (vertical proportional curves), facies thickness, attribute probability, and
variogram modeling (Nabawy et al., 2023; Orellana et al., 2014). While for continuous
properties, data transformation, and modeling variograms. Data transformation enables you to
make the data stationary and standard normally distributed, which are requirements of many
of the standard geostatistical algorithms. Spatial trends in the data are extracted from the data
before property modeling to ensure stationarity. For general data analysis, Histograms
and Functions are used to inspect the property distributions and the correlation between

properties (Schlumberger, 2022).
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Training Image:

(TT) 1t is a representation of the conceptual model that reflects the general aspects
of the spatial facies distribution (Straubhaar et al., 2020) a 71 could be a 3D or 2D
representation populated with facies types. It is one of the main inputs for Multi-Point
Statistics, it is equivalent to the variograms in two-point statistics. Using (TI), complex
scenarios can be constructed, and analogous field facies geometries (or sample outcrops) can

be used to populate a reservoir model.

Modeling

Facies modeling is the method of distributing facies in a three-dimensional model.
It 1s used to interpret not only the depositional environment of the sedimentary body under
study, but also the overall context in which it formed, such as climate, oceanic circulation
patterns, rates of sedimentary supply, rates and nature of local and eustatic sea-level changes,
and local, regional, and global tectonics (Roggero et al., 2012). It is frequently used in
geostatistical reservoir characterization and aids in the development of superior reservoir
models for complicated reservoirs (Schlumberger, 2021). Facies modeling is a technique for
distributing discrete data (for example, facies) throughout a 3D model. There are frequently
stochastic and deterministic (estimation or interpolation) ways for modeling the distribution
of discrete properties in a reservoir. The modeling inputs are the upscaled facies well logs,
modeling parameters, and possible trends within the reservoir (modeled in the Data
analysis process). Filters can be used to model different parts of the grid independently (e.g.
filter on values, index, zones, segments, and local model updated settings)(Orellana et al.,
2014; Singh et al., 2017).

Algorithms for Modeling: To build facies models, many modeling algorithms are
used. To produce geographic distributions of facies and their associated attributes,
geostatistical approaches such as kriging or Gaussian simulations (GS) are frequently utilized.
To capture complicated correlations and patterns in data, machine learning techniques such as
decision trees, random forests, and neural networks can be used, as well as Multi-point
Statistics techniques.

In this study, we focused on the use of Sequential Indicator Simulation (SIS),

Truncated Gaussian simulation (7GS), and Multi-Point Statistics (MPS)
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Sequential Indicator Simulation (SIS):

Is a stochastic (pixel-based) modeling approach that uses upscaled cells as the
basis for modeling a fraction of the facies types. The variogram limits the distribution and
connectivity of each type of facies. It is commonly used to model facies that have imprecise
or undefined shapes, especially when there are limited inputs available. SIS takes as inputs
facies proportions, probabilities, and trends, as well as at least one variogram for each facies.
The output is a pixel model that takes into account the input data and allows for several
realizations to be run to account for uncertainty (Schlumberger, 2021, 2022).

Each grid cell in SIS is visited sequentially, following a random path (determined
by the seed number). The local facies probability distribution (PDF) is computed for each
new cell utilizing upscaled data and previously simulated cells as control points. Indicator
Kriging (IK) is used to assess the facies conditional probability (Schlumberger, 2021, 2022).
The variogram and, later, the variogram-weighted linear combination of data from the
upscaled cells provide the estimate. The local PDF curve is used to generate a simulated value
(facies). Finally, coupled with the hard data (upscaled cells), the simulated cell value will be

used for the following cell to update the PDF as an additional control point.

Truncated Gaussian simulation (TGS):

Are stochastic methods that are able to generate large-scale geometric through the
construction of close facies relationships. TGS techniques are applied for situations where the
facies transitions follow a strict order (Figure 4.9b). All the facies use the same variogram.
TGS generates realizations of a normalized Gaussian random field and truncates the data
using multiple thresholds (7) (Figure 4.9a) (Schlumberger, 2021, 2022).

TGS generates realizations of a normalized Gaussian random field (normal-scored
residual field after trend removal) and truncates the data using multiple thresholds (from an
inverse Gaussian CDF transform) to generate various facies types (using different thresholds).
The facies proportions are determined by the threshold values. The spatial continuity of the
facies distribution is determined by the variance of the Gaussian field. Compared to SIS, only
one Gaussian random field (using only one Variogram) is simulated for multiple facies.
Therefore, it has a faster computation time. The limitation is that it is not possible to use

different anisotropies (variograms) per individual facies.
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Various facies types are selected and ordered according to the ordering of the
Gaussian classes; that is, in the Histogram, the proportions and thresholds are shown while the
ordering decides which facies will be modeled adjacent to another facies (blue is adjacent to
yellow but not to red).

In TGS, the ordering is important when the various facies types are selected.

Q

Proportions

-3 Distribution 3 i

Figure 4. 9 a) facies proportion distribution known from wells, used for creating a Gaussian
Random Field GRF, which is subsequently truncated using threshold (t1-3). B) facies
modeled; the facies association (red to purple) is controlled by the ordering of the Gaussian
classes (C1-4). Red can only be next to yellow and not purple. Modified from (Schlumberger,
2021, 2022)

Multi-Point Statistics (MPS).

MultiPoint Statistics (MPS) simulation is a facies modeling technique that
generates geologically accurate reservoir models conditioned on well data by using
conceptual geological models as 3D training images (Schlumberger, 2021; Straubhaar et al.,
2020; Y. S. Wuet al.,, 2011).

It combines the ability to reconstruct geological shapes, as with object-based
methods, with the speed and precision of variogram-based techniques (Alhadithi, 2021; Hosa
et al., 2020; Schlumberger, 2021; Seright et al., 2001).

MPS pulls facies patterns from a conceptual training image that depicts the type of

facies elements thought to be present in the reservoir, and then the patterns that fit the
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reservoir well data are reproduced in the model. The major geological notion offered in this
technique is the training image (Maliva, 2016).

Multipoint facies simulation produces models with significantly higher geological
complexity than sequential models (Soleimani & Shokri, 2015; Straubhaar et al., 2020).

Sequential Indicator Simulation (SIS) (Schlumberger, 2021, 2022). It has an
advantage over the object modeling method in that it can condition data more easily than
a(Amjed & Zuhair, 2022; Maliva, 2016; Nabawy et al., 2023)mjed & Zuhair, 2022; Maliva,
2016; Nabawy et al., 2023)

Training image concept:

The variogram is used in SIS to determine the conditional distributions required
for simulation. For Multipoint facies simulation, the training image serves the same purpose
(Maliva, 2016; Schlumberger, 2021, 2022).

A training picture is a three-dimensional numerical representation of the
interpreted reservoir geology. It tries to capture the variety of probable dimensions and shapes
of facies elements thought to exist in the subsurface, as well as the spatial relationships
between distinct facies (Schlumberger, 2021, 2022; Zhang et al., 2016).

Training Images are purely conceptual geological models that merely provide
geometrical information about facies elements and are not conditioned to any data. An MPS
simulation is the process of conditioning that involves developing models that take into
account good data (Durlofsky & Chen, 2012; Martyushev et al., 2023; Schlumberger, 2021,
2022).

To model 3D facies patterns, 3D training images are required. To produce 3D
training images, you can generate unconditional facies models using an object-based
technique. Well-log data and high-quality seismic can be used to determine facies dimensions.
Analogs (outcrop data) and reservoir databases can also be used to get them (Alhadithi, 2021;
Schlumberger, 2022; Soleimani & Shokri, 2015). You must characterize facies interaction

accurately based on core data analysis and geological interpretation.
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4.3. RESULTS AND DISCUSSIONS

Following we are presenting the results obtained using the workflows explained in
Figure 4.5. After the structural framework was created honoring horizons and faults it was
created two main zones representing the two main formations Barra Velha and Itapema
(Figure 4.10a) Additionally the Formation target (Barra Velha) was divided into three zones
BV_Upper, BV_Middle and BV_Lower in Fuchsia, yellow and blue in Figure 4.10b.

Figure 4. 10. a) Main zones Divided by formations. B) Division of Barra Velha formation in
three zones (BV-Upper, BV_Middel, and BV_Lower) in fuchsia, yellow and blue color

respectively.

Using the seismic and WellBore Image data, the best strategy for layering was identified. It
was feasible to determine that a portion of the Barra Velha Formation is truncated against
the basement represented by the Camboriu Formation. The west half of the reservoir displays
the entire sequence without truncation, but it is possible to discern the unconformity between
the Barra Velha and Itapema Formations. To honor the stratigraphic configuration, the
layering for Barra Velha Formation was created following the top and for Itapema
Formation following the bottom; this configuration respects the truncation of Barra Velha
and Itapema against the Basement and the unconformity between Barra Velha and Itapema

as shown in Figure 4.11.
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Figure 4. 11. Layering for Barra Velha and Itapema Formation.

Figure 4.12 Track 7 shows three production intervals with thicknesses of 3, 5, and
4 m; two of the three intervals show considerable increases in permeability (Track 4) and are
associated with high production. These features, such as high permeability and production
zones, are critical and must be preserved when upscaling. Figure 4.12 Track 8 and Table 4.3
depicts four scenarios with varying numbers of layers and thicknesses for each zone. The
BV _upper zone in scenario A comprises 5 cells with a minimum thickness of 15.33 m, a
maximum thickness of 17.2 m, and an average thickness of 16.27 m. As can be seen, these
thicknesses are substantially bigger than the intervals of interest (thickness of producing
zones), implying that when upscaling with this arrangement, some of the high permeability
values would be lost, resulting in difficulties in maintaining the property values. Table 4.3
shows that scenarios B, C, and D have minimum thicknesses of 4.84, 2.33, and 1.66 mt,
respectively, and that scenarios C and D might be employed to retain the attributes of the
producing intervals in the BV_Upper zone. It is possible to utilize fewer layers and greater
thicknesses when there are homogeneous zones with minor changes in characteristics.

However, it is critical to consider the impact of thickness and number of layers.
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Figure 4. 12. key well-showing mineralogy track 1, facies track 2 intervals perforated track 3,
permeability track 4, porosity track 5, production track 6 partitioning coefficient track 7 and

track 8 4 scenarios of cell thickness.

Table 4. 3 Scenarios for defining Cell thickness and the number of layers.

Height (m)
Zone Min Max Aver Num Layers
BV_Upp 15.33 17.2 16.27 5
A BV_Mid 2.71 6.21 4.46 10
BV_Low 9.58 13.23 11.41 3
Total 18
BV_Upp 4.84 5.32 5.08 16
B BV_Mid 5.23 6.38 5.81 10
BV_Low 2.9 4.99 3.95 10
Total 36
BV_Upp 2.33 2.8 2.68 32
c BV_Mid 1.51 3.27 2.61 20
BV_Low 2.9 4.99 3.12 10
Total 62
BV_Upp 1.66 2.07 1.89 45
b BV_Mid 1.74 2.21 1.74 30
BV_Low 1.94 3.91 1.94 15

Total 20
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Upscaling:

The most common scaling method for facies is "most of," which assigns the value
of the most repeated facies within the cell. Using the previously mentioned scenario D, raw
facies and scaled-up are seen in Figure 4.13 Track 4. The difference in percentage between
the raw facies and the scaled-up facies is less than 3% in each of the facies (Figure 4.14),
allowing us to accept the outcomes of the scaling method. This procedure should be repeated
for porosity and permeability. If there are significant differences, we can change the method
of averaging the attributes or even return to the previous stage and change the number and

thickness.
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Figure 4. 13. Facies and Properties upscaled. Track 1 zone, Track 2 mineralogy, Track 3
perforations, Track 4 Raw and upscaled facies, Track 5 raw and upscaled porosity, Track 6

raw and upscaled permeability.
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Figure 4. 14 Facies upscaled statistics.

Data Analysis and Training Image:

The VPC vertical proportion curves are an excellent indicator of the facies
proportion for each zone, as shown in Figure 4.15, the proportion of shrubstone and
spherulitestone is higher in Bv_Upper and the clay content is the lowest of the three zones, on
the other hand, the Bv_Middle zone has the highest clay content, which is found primarily in
wells in the western part of the reservoir, and finally, the BV_lower interval shows a decrease
in clay contents indicating that the sedimentation conditions in each zone are completely
different.

Because the SIS and TGS algorithms rely on variograms, variograms were defined
for each facies and zone in the case of SIS and for each zone in the case of TGS, despite the
fact that TGS employs a single variogram for all facies Figure 4.15. It is important to note that
in some cases, the best variogram results did not correspond with the orientations of the facies
pre-established in the conceptual geological model. This is primarily due to the fact that the
majority of the wells are located in the eastern part of the reservoir, which can affect the
variogram results when compared to the orientations proposed in the conceptual geological
model.

The training image is the MPS method's version of the variogram; it does not need

to have the dimensions of the grid to be modeled, but it is advised that they be proportional;
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similarly, the image design does not need to be highly detailed. Instead, it is critical to
preserve the facies ratio in a manner comparable to that expected in the final model, as well as
the contact conditions between facies. The first training images utilized were 2D images with
the dimensions (100, 100, 1) and were prepared for the three zones BV_Upper, BV_Middle,

and Bv_Lower.

Proportional Curves
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Figure 4. 15. a) Vertical proportional Curve for facies, b) Variogram
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Figure 4. 16. Training Image 3D, for MPS.

Modeling

Figures 4.17a depict the results of facies modeling with SIS using the best
variograms obtained in the data analysis, and a model corresponding to an adaptation in the
orientation and range of the variograms to generate distributions of bodies with orientations

and geometries like those expected in the conceptual model (Figure 4.17 b).
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Figure 4. 17. Facies modeling. a) Sequential Gaussian Simulation, using the best Variogram

approach. b) SIS adaptative variogram to CM.
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Figures 4.18a depict the results of facies modeling with 7GS using the best
variograms obtained in the data analysis, and a model corresponding to an adaptation in the
orientation and range of the variograms to generate distributions of bodies with orientations

and geometries like those expected in the conceptual model (Figure 4.18b).
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Figure 4. 18. Facies modeling. a) Truncated Gaussian Simulation, using the best Variogram

approach. b) TGS adaptative variogram to the conceptual model.

In Figure 4.18a, ¢ and e show the 2D training image used for modeling facies for
BV-Upper, BV_Middle and BV_lower, similarly, Figures 4.18 b, d, and f show the respective

models of facies using MPS and its respective Training Image.



162

a b
= hiud

L] = Re-worked = Mud
= Shr = Re-worked
= Gk » Shr

= Sph

c d

AL
W Ra=workad -, "-'1Ud
- She w Fe-worked
o - Shr
= Sph

e f

= hud

b Flo-wioroed
L=y

- S

w Wud

w Re-worked
w Shr
= Sph

Figure 4. 19. Multi-point Facies and training Images: a) Training Image for BV_100, b) MPS
facies modeling for BV_100, c¢) Training Image for BV_200, d) MPS facies modeling for
BV_200, e) Training Image for BV_300, b) MPS facies modeling for BV_300.

In SIS and TGS the geometric is strictly guided by the variogram which depends
on the data distributions. In our case even though we got the best variograms for each facies
and zone, the geometrical facies distributions do not present the best results compared to the

conceptual model geometric as seen in Figure 4.17a, Figure 4.17b shows the same data just
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changing the variograms parameters, major and minor range, and orientation that helps to
honor the conceptual model orientation. When using MPS results depend on the training
image and the proportions of facies. The geometry and continuity of facies are much better
defined than variogram-based algorithms, however, the training image is not easy work to
build.

Based on the results and previous studies the advantages and limitations of the

different methodologies can be resumed in tables.

Table 4. 4 Advantages and limitations of pixel-based models (SIS-TGS)

Pixel-based models

Advantages Limitations

Mathematically robust Does no look geologically real
Easy to condition to both hard and soft data  Can not create complex geometric shapes
as they build one pixel at a time

Fast No pattern control
Universal Geological / Depositional No control over connectivity (except post-
Environment smoothing)

Modified from (Schlumberger, 2021, 2022)

Table 4. 5 Advantages and limitations of Object-based models.

Object-based models

Advantages Limitations

Easy to condition insertion point methodsto  No direct control over the shape outside

both hard and soft data insertion points

Fast and faithful to geometric object Hard to condition local data of different
support volumes

Looks geologically real Limited amount of object types (hardcoded
and decided by the software vendor)

Simple bodies are ideal for making MPS Hard to reproduce

training images

Easy to control and edit original input data Relying on manual edits

Modified from (Schlumberger, 2021, 2022)

Table 4. 6 Advantages and limitations of Multi-Point Statistics (MPS)

Multi-point Statistics

Advantages Limitations

Capable of producing models with Relying on Training Image

considerably more complexity than SIS

Able of conditioning to data more easily than Could be difficult to create complex training

a Boolean /object model images.

correlate one point to various high number of facies can be time and
memory-consuming.

Modified from (Schlumberger, 2021, 2022)
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44. CONCLUSIONS

Facies models can be conditioned to well, seismic, and production data using
variogram-based techniques such as SIS and 7GS. These models, however, are incapable of
capturing the long-range continuity and complicated geometries of facies geobodies. As a
result, they provide inaccurate reservoir connectivity and poor reservoir performance
predictions.

MPS combines the ability to reproduce shapes or geometries like object-based
techniques with the speed and ease of data conditioning of variogram-based techniques, based
on the usage of training images that serve the same function as variograms. Some of the
difficulties encountered while utilizing MPS include the requirement that the training image
be a representation of the conceptual geological model. Building 3D graphics is a difficult
task. The use of large and complex 77 (more than 6 facies, for example) takes time and
memory.

The presence of a plausible conceptual geological model is more crucial than accurate
facies variogram realization.

Secondary variables can be used to influence the distribution of facies in any of the
methods outlined above, particularly in locations with little data.

Carbonate from Barra Velha Formation presents a high degree of heterogeneity
observed by small intervals with extremely high production rates, so the representation of
these intervals and especially their continuity play an important role, which perhaps can be

more accurately modeled using MPS.
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S. THESIS DISCUSION

The structure of the thesis allows us to conduct an integrated study of a carbonate
deposit of the Brazilian pre-salt, with the first part focusing on the characterization of
reservoir properties such as porosities, permeabilities, rock types, and their integration for the
identification of rock quality. At this point, an article titled "Utilizing integrated artificial
intelligence for characterizing mineralogy and facies in a pre-salt carbonate reservoir,
Santos Basin, Brazil, using cores, wireline logs, and multi-mineral petrophysical
evaluation" was published in the journal Geonergy Science and Engineering. doi:
10.1016/j.geoen.2023.212303.

Several aspects were identified during the development of this work, ranging from
the importance of having a large source of information that includes both static and dynamic
data to the integration of such data for the development of more robust models with less
uncertainty using Artificial Intelligence.

The main elements that make up the Barra Velha formation of the Brazilian
presalt, in the Santos basin, were identified using XRD data; more than 80% of the formation
is made up of carbonates (35% dolomite and 45% calcite); these concentrations vary both
vertically and laterally and have a direct relationship with reservoir properties (increases in
porosity and permeability). as well as determining the intervals with the best fluid inputs.
Similarly, eight facies were found, with the Shrubstones and Spherulitestone facies having the
highest quality reservoir features and fluid inputs. Artificial intelligence was widely used in
reservoir characterization; three forms of Al were investigated, yielding outstanding results
for facies extrapolation to wells lacking facies descriptions.

There is a link between mineralogy, facies, reservoir parameters, and production.
The shrubstone and spherulitestone facies have the highest abundance and quality of rock, but
they must contain more than 50% dolomite. These facies have high porosity and permeability
values in relation to the matrix, but they also have excellent production, which is directly
related to the presence of vuggy porosity. Diagenetic facies, which reflect the facies with high
vuggy porosity content, could be included in addition to the depositional facies. Despite the
ability to determine the facies and mineralogy responsible for the best zones, the high rates of
fluids produced from the best intervals could not be obtained using the permeability values
measured in the core plugs or through special profiles such as magnetic resonance, which

reproduces the permeability of the plugs but not the permeability of the areas affected by the
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presence of vugs. The second paper sought to provide light on the peculiarities of these small
areas with thicknesses of up to 5 meters and significant production rates.

The second article examined these places with low thicknesses of less than 5
meters and high production rates. This research resulted in a manuscript that was submitted to
the journal Geonergy Science and Engineering (which is now being reviewed). By integrating
the results of the first article, we were able to perceive that the presence of intervals with a
high amount of dolomite generally presents a high amount of vuggy porosity and is related to
intervals with high hydrocarbon productions, but there was no methodology that allowed us to
quantify the increase in permeability due to the effect of vuggy porosity. We developed two
methods for estimating vuggy porosity in this paper, one based on acoustic well images and
the other on image segmentation. Because of the availability of PLT-type production data and
dynamic permeability measurements, we were able to develop a novel technique that
integrates dynamic data to estimate the effects of vuggy porosity on the increase of system
permeability. Finally, it was determined that these intervals could be identified as super K
zones, so an integrated methodology was presented that used dynamic data in conjunction
with static data to define the probability of having a Super K zone, with productions above
500 bpd/ft.

Finally, the results of the first two articles were combined to generate the 3D
distribution of facies and reservoir properties. For this, a conceptual geological model based
on the facies described in the first article was used, and this conceptual model served as the
foundation for evaluating different algorithms for facies distribution. The approaches
employed were Sequential Gaussian Simulation (SIS), Truncated Gaussian Simulation 7GS,
and MPS multipoint statistics, each of which has advantages and disadvantages over the
others and can be used in specific instances. SIS and TGS, for example, rely on two-point
statistics (variograms), but they also use vertical proportion curves and secondary variables
such as facies probability maps, thickness maps, and seismic characteristics, among others.
TGS can simulate larger and more continuous bodies, but facies must have a relationship,
such as cyclicality, to work. It has the advantage of using only one variogram for all facies
because it assumes they have a link. SIS requires the creation of a variogram for each facies in
each zone, which may identify weak places for those facies with limited presence. The
modeling of bodies with complicated geometries, as well as the continuity of the facies that
make up such bodies, is a typical weakness for SIS and 7GS. To address this issue, MPS
multipoint statistics can be used, which, rather than using variograms to identify the

correlation between two points, uses training images 77 from which it can extract
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relationships in multiple directions simultaneously, facilitating the modeling of bodies with
complex geometries and allowing to maintain the continuity of the facies, but the creation of
the training image, A two or three dimensional representation of the conceptual geological
model can be challenging. We applied all three approaches in this study, with the MPS
method producing the best results. Secondary variables were not used to guide the distribution
of facies in any of the cases, which can improve the results.

Finally, we can conclude that the project's success is based on the integration of
accessible data from both static and dynamic perspectives, as well as the employment of
cutting-edge methods such as artificial intelligence to reduce uncertainty in the production of

the geostatistical model.
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6. THESIS CONCLUSIONS

We were able to conduct a comprehensive investigation of a Brazilian pre-salt
reservoir in Santos basin, thanks to the integration of the three papers. Walking from the
petrophysical characterization of the deposit, it was possible to identify the relationship
between mineralogy, facies, and reservoir properties, emphasizing the importance of densely
dolomitized areas that are usually linked at intervals with high amounts of vuggy porosity
and, as a result, excellent production. Similar findings were seen in the shrubstones and
spherulitestones facies, as well as facies formed by the reworking of these original facies. On
the contrary, rocks with a high content of muddy facies are observed to the west of the deposit
and present low rock quality.

From a production standpoint, we see that there are intervals only a few meters
thick with extraordinarily high permeabilities, indicating the features of possible super
permeability or super K zones. These intervals typically have good matrix permeabilities that
can be measured using core plugs, but these values permeability values are insufficient to
reproduce the extremely high production rate, allowing us to investigate the parameters
responsible for excess permeability and discover that the presence of vuggy porosity is
responsible for the increase in permeability of these small intervals. An equation was
proposed to compute a total permeability curve at the well level that takes vuggy porosity into
consideration and is then fixed with production parameters or dynamic permeability data such
as DST test permeabilities. This equation not only considers the presence of vuggy porosity
but also the interaction between the matrix and the vuggy porosity, which can be represented
by the partition coefficient CP. In a comparable manner based on the equation of Seright
2000, we developed a methodology for studying the probability of having intervals with super
k behaviors by taking reservoir parameters and the increase in permeability caused by the
influence of the vugs.

Finally, due to the reservoir's heterogeneity, we analyze some of the primary
algorithms for the distribution of facies in the reservoir, highlighting the advantages and
disadvantages of each and the techniques, we discussed the best methodology for representing
the reservoir's stratigraphic behavior, finding that to honor the stratigraphic configuration in
Barra Veha Formation is necessary to model the layers parallel to the top and for Itapema
Formation parallel to the base, this configuration honor the Barra Velha and Itapema
truncation against Camboriu Formation but as well honor the angular unconformity observed

between both Formations. For deciding the ideal cell thickness it was taken into
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consideration the presence of small layers with extraordinarily high permeability and
production, this procedure allowed us to divide the reservoir into different layer thicknesses
for each one of the zones upper, middle, and lower. The SIS, TGS, and MPS algorithms were
tested, and it was discovered that both SIS and simple 7GS had flaws when expressing
complex facies distributions and do not guarantee facies continuity. The MPS method, on the
other hand, can reproduce geometries of more complex bodies while ensuring facies
continuity; however, this is dependent on the training image, which is a bit difficult to create.
Either strategy utilized its results well by guiding the facies distribution using second

variables.



180

REFERENCES

Aguilera, R. (1976). Analysis of Naturally Fractured Reservoirs From Conventional Well
Logs. Jornal of Petroleum Technology, 764—T72.

Al-Dhafeeri, A. M., Seright, R. S., Nasr-El-Din, H. A., & Sydansk, R. D. (2005). High-
permeability carbonate zones (super-k) in Ghawar Field (Saudi Arabia): Identified,
characterized, and evaluated for gel treatments. JIORC 05 - 2005 SPE International Improved
Oil Recovery Conference in Asia Pacific, Proceedings, 189-197.
https://doi.org/10.2523/97542-ms

Anselmetti, F. S., & Eberli, G. P. (1999). The velocity-deviation log: A tool to predict pore
type and permeability trends in carbonate drill holes from sonic and porosity or density logs.
AAPG Bulletin (American Association of Petroleum Geologists), 83(2-3), 450-466.
https://doi.org/10.1306/00aa9bce-1730-11d7-8645000102¢1865d.

Arienti, L. M., Souza, R. S., Viana, S., Cuglieri, M. A., Silva, R. P., Tonietto, S., De Paula,

L., & Gil, J. A. (2018). Facies Association, Depositional Systems, and Paleophysiografic
Models of the Barra Velha Formation, Pre-Salt Sequence-Santos Basin, Brazil (Vol. 25).
https://www.searchanddiscovery.com/abstracts/html/2018/ace2018/abstracts/2843310.html
Babasafari AA, Campane Vidal A, Furlan Chinelatto G, Rangel J, Basso M. Ensemble-based
machine learning application for lithofacies classification in a pre-salt carbonate reservoir,
Santos  Basin,  Brazil.  Petroleum  Science @ and  Technology  2022; 1-
17do1:10.1080/10916466.2022.2143813.

Eltom, H., Rankey, E. C., Goldstein, R. H., Barati, R., & Eltom, H. A. (2023). Passageways
for Permeability: Geostatistical simulation of controls on the connectivity of vug-to-vug pore
networks Hydraulic fracturing and acidizing of unconventional reservoirs View project
Waterless Fracturing View project Accepted for publication in the AAPG Bulletin
Passageways for Permeability: Geostatistical simulation of controls on the connectivity of
vug-to-vug pore networks. https://www.researchgate.net/publication/367558931

De Ros LF. Syngenetic, diagenetic and hydrothermal processes in the pre-salt sag section of
Santos and Campos Basins. In: Second EAGE Conference on Pre-Salt Reservoir. EAGE
Publications BV; volume 2021; 2021. p. 1-5. doi:10.3997/2214-4609.202183007.

Fernandez Iba~nez, F., Jones, G. D., Mimoun, J. G., Bowen, M. G., Simo, J. A., Marcon, V.,
& Esch, W. L. (2022). Excess permeability in the Brazil pre-Salt: Nonmatrix types, concepts,
diagnostic indicators, and reservoir implications. AAPG Bulletin, 106(4), 701-738.
https://doi.org/10.1306/10042120171.



https://doi.org/10.1306/00aa9bce-1730-11d7-8645000102c1865d
https://doi.org/10.1306/10042120171

181

Fernando De Ros, L., & Oliveira, D. M. (2023). An operational classification system for the
South Atlantic Pre-Salt rocks. Journal of Sedimentary Research.
https://doi.org/10.2110/3s1.2022.103/5929863/deros.pdf

Gavidia, J. C. R., Furland Chinelatto, G., Basso, M., Aponte, J., Soltanmohammadi, R.,
Campane Vidal, A., Goldstein, R. H., & Mohammadizadeh, S. (2023). Utilizing integrated

artificial intelligence for characterizing mineralogy and facies in a pre-salt carbonate
reservoir, Santos Basin, Brazil, using cores, wireline logs, and multi-mineral petrophysical
evaluation. Geoenergy Science and Engineering, 212303.
https://doi.org/10.1016/j.geoen.2023.212303

Gomes J, Bunevich R, Tedeschi L, Tucker M, Whitaker F. Facies classification and patterns
of lacustrine carbonate deposition of the Barra Velha Formation, Santos Basin, Brazilian pre-
salt. Marine and Petroleum Geology 2020;113:104176.
doi:10.1016/j.marpetgeo.2019.104176.

Haikel S, Rosid M, Haidar M. Study comparative rock typing methods to classify rock type
carbonate reservoir field “S” East Java. In: Journal of physics: conference series. I0P
Publishing; volume 1120; 2018. p. 012047. doi:10. 1088/1742-6596/1120/1/012047.
Herlinger Jr R, Zambonato EE, De Ros LF. Influence of diagenesis on the quality of lower
cretaceous pre-salt lacustrine carbonate reservoirs from northern Campos basin, offshore
Brazil. Journal of Sedimentary Research 2017;87(12):1285-313. doi:10.2110/jsr.2017.70.
Huang, W., Cui, Y., Xu, F., Meng, Z., Guo, S., & Zhang, C. (2021). An innovative approach
to permeability estimation of the fractured-vuggy carbonate reservoirs based on 2D images.
Journal of Petroleum Science and Engineering, 199.
https://doi.org/10.1016/j.petrol.2020.108293

Lima BEM, Tedeschi LR, Pestilho ALS, Santos RV, Vazquez JC, Guzzo JVP, De Ros LF.
Deep-burial hydrothermal alteration of the pre-salt carbonate reservoirs from northern
Campos Basin, offshore Brazil: evidence from petrography, fluid inclusions, Sr, C and O
isotopes. Marine and Petroleum Geology
2020;113:104143.d0i:10.1016/j.marpetgeo.2019.104143.

Lu Y, Liu K, Wang Y. Identification of diagenetic facies in low permeability sandstone
reservoirs based on self-organizing-map neural network algorithm. In: International
Petroleum Technology Conference. OnePetro; 2020. doi:10.2523/iptc-20304-abstract.

Lucia FJ, Kerans C, Jennings Jr JW. Carbonate reservoir characterization. Journal of

Petroleum Technology 2003;55(06):70-2. doi:10.2118/82071-JPT.


https://doi.org/10.2110/jsr.2022.103/5929863/deros.pdf

182

Ma, Y. Z. (2019). Permeability Modeling. In Quantitative Geosciences: Data Analytics,
Geostatistics, Reservoir Characterization and Modeling (pp. 495-515). Springer International
Publishing. https://doi.org/10.1007/978-3-030-17860-4_20

Menezes De Jesus, C., Luiz, A., Compan, M., & Surmas, R. (2016). Permeability Estimation
Using Ultrasonic Borehole Image Logs in Dual-Porosity Carbonate Reservoirs. In
PETROPHYSICS (Vol. 57, Issue 6).

Michelena RJ, Godbey KS, Uland MJ, Rodrigues PE. Petrophysical multimineral analysis
using genetic optimization to solve complex mineral composition in unconventional
reservoirs. SEG Technical Program Expanded Abstracts 2020;2020-Octob(2):2459-63.
doi:10.1190/segam2020-3425780.1.

de Paula Faria DL, dos Reis AT, de Souza Jr OG. Three-dimensional stratigraphic-
sedimentological forward modeling of an Aptian carbonate reservoir deposited during the sag
stage in the santos basin, Brazil. Marine and Petroleum Geology 2017;88:676-95.
doi:10.1016/j.marpetgeo.2017. 09.013.

Porras J, Barbato R, Khazen L. Reservoir flow units: A comparison between three different
models in the Santa Barbara and Pirital fields, north Monagas area, eastern Venezuela basin.
In: Latin American and Caribbean petroleum engineering conference. OnePetro; 1999.
doi:10.2118/53671-MS.

Rangel, J., Guzman, A., & Aguilera, R. (2015, October 30). Aplicaciéon de diferentes
Metodologias para la Determeinacion del Exponente de Cementacion “m” y sus efectos en el
cédlculo de Reservas en un Yacimiento Naturalmente Fracturado. Aplicacion de Diferentes
Metodologias Para La Determeinacion Del Exponente de Cementacion “m” y Sus Efectos En
El Cdlculo de Reservas En Un Yacimiento Naturalmente Fracturado.

Seright, R. S., Lane, R. H., & Sydansk, R. D. (2001). A strategy for attacking excess water
production. Society of Petroleum Engineers - SPE Permian Basin Oil and Gas Recovery

Conference 2001, OGR 2001, December 2001. https://doi.org/10.2523/70067-ms

Xu, C. (2010). Porosity partitioning and permeability quantification in vuggy carbonates,
permian basin, West Texas, U.S.A. AAPG Memoir, 92, 309-319.
https://doi.org/10.1306/13181290M923411

Xu, C., & Newberry, B. (2004). METHOD FOR QUANTIFYING PERMEABILITY OF
VUGGY CARBONATES USING WIRELINE LOGS.

http://patentimages.storage.googleapis.com/pdfs/US6714871.pdf



https://doi.org/10.2523/70067-ms
http://patentimages.storage.googleapis.com/pdfs/US6714871.pdf

183

APPENDICES

APPENDIX A - Participation in other works.

Babasafari AA, Campane Vidal A, Furlan Chinelatto G, Rangel J, Basso M.
Ensemble-based machine learning application for lithofacies classification in a pre-salt

carbonate reservoir, Santos Basin, Brazil. Petroleum Science and Technology 2022; 1-

17d0i:10.1080/10916466.2022.2143813.

APPENDIX B — Commercial Software used in this thesis.

The petrophysical interpretation, multimineral petrophysical analysis, well-bore
image analysis, machine learning and geomodelling, were carried out in different
commercials software provided under academic licenses for the institute of Geosciences,
center for petroleum Studies and laboratory of Geological Modeling of Reservoirs (MGR).
Techlog 2021, Petrel 2021 from Schlumberger, Interactive Petrophysics 5.2 from Lloyds
Register. Additionally, Python 3.0 and Image J as part of the free software, for Machine

learning and image processing, respectively.

APPENDIX C - Geological Models for Dynamic Simulation.

Two geological models were delivered to the numerical simulation team, one of
which was carried out for the purposes of cell configuration validation, quality control of their
dimensions, and some tests of algorithms for facies and property distribution, as well as the
creation of a workflow that includes the generation of the fracture distribution model and
uncertainty analysis. The second model comprised a detailed investigation of the structural
framework, determination of the appropriate cell size dimensions to avoid losing attributes
owing to scaling and stacking orientation to represent the stratigraphic nature of the

formations.
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