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ABSTRACT

Subsurface characterization stands at the nexus of humanity’s growing demands for ma-
terials, energy, and safety amid the burgeoning population and rising living standards. How-
ever, challenges in subsurface characterization, rooted in conventional practices, functional
silos, limited data density, and technological constraints, impede business efficacy and sus-
tainable development. As societies’ expectations shift and industries evolve, a paradigm shift
is required in the human-machine relationship and the way we organize work. To meet these
challenges and ensure responsible human progress, a systematic solution is needed.

This thesis investigates the concept of a subsurface digital twin as a boundary object that
bridges disciplines, scales, and uncertainties, fostering collaboration and real-time informed
decision-making. It explores the evolution of subsurface characterization from data-sparse
and theory-dependent practices to a holistic digital twin framework. The thesis identi-
fies critical technical and sociotechnical challenges, including data scarcity, over-reliance on
empirical relationships, functional silos, and trust. The thesis demonstrates how a subsur-
face digital twin can enhance cross-functional collaboration and address critical challenges
through real-world examples. It highlights the use of geoanalytics and machine learning to
predict total organic carbon content and formation brittleness, showcasing the digital twin’s
power in multidisciplinary workflows. Furthermore, it proposes a solution for uncertainty
reduction through integration and laid out future steps for the development of the subsurface
digital model, construction of pseudo/surrogate models for probabilistic simulation complex
and time-consuming numerical simulations, and use of the digital twin to bridge workflows
between data-rich and data-scarce regions across scales.

The thesis outlines the design and value-creating functions of the subsurface digital twin
system, facilitating adaptive resolution and agile implementation. It envisions a future where
such digital twins revolutionize decision-making, from individual project optimization to
enterprise-wide insights. The thesis underscores the importance of strategic investment in
digital twins for long-term returns and as a cornerstone of the evolving human-machine rela-
tionship and advances the concept of a subsurface digital twin as a transformative approach
to subsurface characterization, fostering collaboration, tackling challenges, and paving the
way for sustainable progress in a rapidly changing world.
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Chapter 1

(General Introduction

Subsurface characterization is deeply intertwined with humanity. With the increase in world
population and overall standard of living, demand for materials, energy, and safety is ever-
increasing|1], [2]. Inattentiveness and delayed decisions in supply and demand while consid-
ering environmental requirements could bring tensions to the intricacies of social-economical
—environmental balance, stagnated growth, and larger social disparities. Current practices
of subsurface characterization have been evolving and improving over the decades resulting
from improved solvers, technologies, and computational power. However, the fundamental
way of the human-machine relationship and how people perform work has not changed and
is growingly challenged by the limitation of the scope of work, functional silos, pressing time-
lines, and capital constraints. These issues lead to increased uncertainties, increased risks,

and overall increased costs which would be a limiting factor or improved efficacy.

Societies” expectations and demands of industry are changing, and so must the relation-
ship between humans and machines and the ways of organizing work|3]. To accommodate
responsible and sustainable human progress for generations to come, a more efficient system
of subsurface characterization should be implemented. Trial and error have suggested that

a holistic subsurface characterization powered subsurface digital twin would be an effective
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boundary object linking all the puzzles together in meeting the challenges of a new era.

Realizing this vision is challenging. In addition to the challenge of the current way of
working, the data density in the field of Earth Science in subsurface characterization and
exploration is much lower compared to other industries. These challenges typically result
in us being over-reliant on theories, models, and empirical relationships, having inconsistent
results, and often depending on a “leap of faith” in addressing the relevancy of our predictions

and their embedded uncertainties.

Furthermore, theories are often established and validated under a data-rich system in
controlled conditions. Rescaling or analog selection is typically made when one hopes to
apply a set of expected relationships or mental models in another geographical area, strati-
graphical position, or to address another geological challenge. This is often accompanied by
some degree of environmental corrections to account for local variations backed by direct or
indirect measurement and data. In most of the exploratory regions, however, we do not enjoy
the luxury of great data abundance, completeness, and quality like that from the laboratory
or in shallow subsurface fields such as soil science, required to establish a robust analyti-
cal relationship. Analog data and model extrapolations and physics-based model simulation
approaches are typically used to establish a baseline scenario with a limited amount of under-
standing of all the local geological controls and justifications for all the input parameters|4].
Uncertainties based on these methods are unfortunately large, and are inversely correlated
with data availability. This unfortunately bears significant consequences as it would often in
poor economic outcomes and investment decisions, delay timelines, and increase execution

risks[5].

In addition to the data limitation, due to the limitation of computational power, the

total number of computational model cells typically determines the time required for com-
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plex physics-based simulations to run to completion. In a typical basin evaluation, the x-y
dimensional grid size is usually in the order of 1km by 1km if a meaning level of details in the
z direction is considered. To provide results in a timely manner, practitioners often tradeoff
model resolution and simulation time, and the practice of simulating a meaningful number

of scenarios to capture and evaluate uncertainties and risks are rarely exercised.

Recently, with the advancement in machine learning and artificial intelligence, there have
been proposals and pilots in leveraging ML and Al to help address the limitations of current
practice. This is evidenced by many applied fields achieving groundbreaking successes in
data-rich industries such as the technology and internet companies, finance banking indus-
try, healthcare and pharmaceutical, and e-commerce and retail industry[6]-[11]. Areas in
geoscience where data is relatively rich and where controls are relatively well-understood
have also seen new ML-based workflows gaining acceptance by the scientific community and
industry. This includes niche disciplines within the domain of petrophysics, geophysics, and
geochemistry within development fields with data abundance. Some examples are neural
network methods of processing petrophysical logs for rock properties[12], [13], using machine
learning to identify faults on seismic images|14], [15], and mineralogic identification and point

counting on thin sections|16]-[18], as well as biomarkers and fingerprinting analyses|19]-[21].

The application of ML and Al in subsurface characterization overall remains challenging
for a few reasons. Data sampling density is extremely sparse in terms of measurements per
rock volume compared to similar metrics in other industries. In order to resolve a subsurface
feature, % of the wavelet is required|[22]. This is translated to a vertical resolution of tens of
meters in most 2D seismic data that is gathered as a standard practice. In high-resolution
3D seismic gathers, the vertical resolution can be increased to meters or sub-meters level,
but even this level could mean an amalgamated series of geological events and a possible

span through millions of years of the geological record. In the medical imaging field, on
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the contrary, the CT image qualities are high and machine learning and training are on the
order of sub 1 millimeter per pixel. Even in a matured development field, the fact that we
do not take all the measurements multiple times and at the exact location brings a large
amount of data and extrapolation uncertainty. All these issues render an impossible task for
a confident data science model. This sometimes begs the question that if ML and Al is even
applicable in subsurface characterization if the data availability and density will never be
enough. A combined physics-based simulation methods and data science approaches need

to be integrated into a system solution.

In addition to data availability and quality, the lack of geological and physical guardrails
often leads to overreliance on statistical relationships which often introduces augmented un-
certainty due to overfitting and results making no physical sense because of the lack of domain
knowledge as guidance|23]. This degrades trust and confidence in practitioners applying this
technology in subsurface characterization. There are active debates on the effectiveness of
pairing a domain expert with a data scientist in applications versus developing domain ex-
perts with sufficient data science knowledge so they can perform advanced analytics on their
own. The advantage and disadvantages are pronounced in both options as researchers have
pointed out that the trust between two individuals is difficult to establish while the technical

debt of retraining the majority of domain experts to be proficient in data science will be a

stretch[24]-[26].

The challenge we are facing has always been both a technical and a sociotechnical one.
In addition to the trust issue, the nature of decision-making is based on scale. That typical
decision-making is basin-scaled, prospect- and play-scaled, and reservoir-scaled. Example
decisions are country entry, play risking, prospect evaluation, and reservoir management.
These scale-dependent decisions drive how tools are developed and used to answer those

questions and are also precisely the reason why the cross-functional collaborations stop there.
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Teams are formed to model the subsurface using the same data set but at different scales.
As decisions are made at different stages of exploration-development phases, functional silos
are formed almost by design. Geoscientists working on basin-scaled models will not need to
talk to geoscientists working on modeling the reservoir. Work products generated from one
team rarely get shared across the functional boundary. In the rare occasion where works
are shared, they would not be directly integrated into other people’s workflow. When new
data is presented or a new question is raised, a new model is often built as the path of
least resistance. This is amplified by pressing timelines business units usually impose on the
domain experts whereby they must use simple assumptions or only partially calibrate the
model to answer a specific question. Poor documentation leads to the misuse of outputs
that are only conditional and not meant to be applicable across the board. As a result, data
integration, cross-functional collaboration, and interpretation quality are low, leading to a
low overall success rate in exploratory wells. A scale-agnostic solution would not only help
to resolve technical challenges but also allow domain experts to collaborate across different
scales. This would allow subsurface practitioners to spend more time working on things that

create more value than data processing and rework.

Many of these issues have been previously identified. Design thinking brainstorming ses-
sions and Architecting Innovative Enterprise Strategy (ARIES) Framework have been used
or proposed in trying to narrow the gap|27|, [28]. However, an investment in a holistic solu-
tion has not been made also attributed to the pretext of siloed organizational nature and the
bounded scope after considering the extent of solutions. Specifically, we tend to favor high
impact low effort solutions that we perceive as lower-hanging fruit. These projects often get
prioritized, translating to us tackling the symptom instead of the cause by putting off more

strategic initiatives for a later time.

In this thesis, we aim to illustrate how these challenges can be addressed using a system
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approach. We identify the effective boundary object, a subsurface digital twin that is facil-
itated by a holistic subsurface characterization, in addressing the aforementioned technical
and sociotechnical challenges. A subsurface digital model is an indexed and georeferenced
subsurface information volume or digital repository. It contains information on an expan-
sive range of subsurface parameters and some through geological time. Some examples are
pore pressure, temperature, stresses, thermal maturity, porosity, bulk density, fluid satura-
tion, fluid properties, mineralogy, lithofacies, total organic carbon content, etc. An initial
subsurface digital model is produced by the combination of physics-based numerical simula-
tion of a geological model and geoanalytics which is used to calculate geological parameters
and their distributions that are not a typical model simulation output. Geoanalytics, or
geological data analytics, is a vital component of a subsurface digital model where it acts
to reduce subsurface digital model uncertainty through an iterative approach. An example
can be that the initial geological model provides the organic carbon development condition
such as paleo-water-depth, basin geometry, and sedimentation rate, allowing depositional
total organic carbon content and organofacies or hydrogen index and their distributions to
be calculated through geoanalytics. This organic richness information is then feedback into
the geological model for compaction, hydrocarbon generation, and migration simulations.
In addition, geoanalytics also helps with geological data quality controlling (QCing) and
validating geological modeling assumptions, especially in paleo events such as exhumation

and erosion where data are not typically widely available.

In Chapter 2, we first illustrate the level 0 to level 2 architectural diagrams of an ex-
ample basin-scaled subsurface digital model, a precursor to a basin-scaled subsurface digital
shadow and digital twin. We use a few use cases to demonstrate how a subsurface digital
model or digital twin would yield new and improved products with a significant amount of
efficiency. The first use case, a geoanalytical approach to formation brittleness distribution

prediction using information available from a subsurface digital model, aims to demonstrate
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how a subsurface digital model can be used to foster cross-functional collaboration, which

results in better products quicker.

Understanding the brittleness of rock is important for drilling and completion. In un-
conventional resource development, the brittleness of rock informs drilling engineers how to
most efficiently and safely drill through the rock strata and where to land a well or an-
chor a directional heel. Completion engineers also need this information for an adequate
completion design to maximize economics and minimize risks through hydraulic stimulation.
Conventionally, brittleness data are evaluated based on the lithological information from
petrophysical logs, thin-section measurements, and geomechanical tests[29]|, [30]. In Chap-
ter 3, the thesis documents a pilot study, for the first time, using geochemistry and temporal
information derived from structural restoration and basin evolution, bringing useful insights
on diagenesis to inform rock brittleness prediction, data uncertainty, and extrapolation. In
addition to mechanical compaction, metamorphic transformations such as quartz and calcite
growth are important contributors to the diagenesis process. Tree-based random forest ma-
chine learning algorithms|31| are used to identify key geological controls and data governing
brittleness distribution allowing brittleness values to be extrapolated away from well control.
This is achieved by applying a satisfactory machine learning model to associated properties
extracted from the subsurface digital model. We identified that present-day burial depth
is not a correlating factor due to thickness changes resulting from exhumation and erosion.
Temporal information such as maximum burial depth and maximum formation temperature
is much more correlative to the brittleness distribution. This pilot illustrates for the first
time how geochemistry and basin modeling data could be used for petrophysical property
prediction through a subsurface digital model and geoanalytics and how information from
other disciplines could be valuable if made available to cross-functional teams because this
type of temporal information is typically not available to a petrophysicist to conduct a holis-

tic assessment in geomechanical property modeling.
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Until now, we have portrayed the subsurface digital model, the subsurface information
volume as a deterministic set of numbers. However, in practice, it is just the most likely
case of geological properties and their realizations through time and space. Every parameter
involved has uncertainties associated with this most likely case. For parameters with greater
data abundance, the range of possible outcomes may be smaller than that of model-driven
parameters. Ideally, a series of physics-based numerical simulations are required to explore
the uncertainties probabilistically. However, this is computationally expensive. This is es-
pecially problematic in the case of CO2 sequestration assessment because, in addition to
the intricacies of subsurface multiphase fluid flow, reactive-transport effects must be con-
sidered to bring pertinency into modeling this type of application through time. Due to
the significant risks the lack of uncertainty assessment would bring if reliable simulations
cannot be completed, this lack will become a roadblock for subsurface domain experts in
assessing the feasibility and viability of CO2 sequestration projects. Recent laboratory-scale
CO2 injection and fluid flow experiments have shown challenges in generating satisfactory
simulation results in a timely manner in a simplified system|32]-[34]. In the second study,
documented in Chapter 4, we illustrate how the emergence occurs when the proposed sys-
tem produces value greater than the integral of all of its components. This is reflected by
examples of cross-functional collaboration and new workflow development documented in
Chapters 2 and 3 and a proposal for an ongoing collaboration with Professor Ruben Juanes
in Chapter 4. A hypothetical blue hydrogen project and data trades are used as an example
to demonstrate how a subsurface digital twin can contribute to Multivariable optimization
and real-time decision-making. Chapter 4 then describes how examples show that the holis-

tic approach will lead to improved performance and reduced cost.

The thesis further documents in detail that the subsurface digital twin design has great

adaptability when equipped with a flexible resolution data structure. The aim is to be able
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to take in simulation and analytical results from all resolutions and formats that are available
and export insights in any resolution requested and format accepted. In addition to data
adaptability, the workflow has to be adaptive in different geological settings and in areas

with varied data availability.

The subsurface digital model is also complementary to agile implementation. Significant
maintenance cost rework could be eliminated with maintaining one version of the subsurface
though the subsurface digital model. The subsurface digital twin also advocates simplicity
and avoids unnecessary complexity. By focusing on delivering the minimum viable product
(MVP) and iterating based on feedback, teams are less likely to introduce over-engineered

and convoluted solutions. This streamlined approach enhances maintainability and resilience.

Chapter 4 also documented meaningful future steps such as characterizing uncertainties
into the subsurface digital model for probabilistic bases risks assessments used by decision
makers. In addition to the intrinsic ability to reduce uncertainty as a holistic system, an
alternative to the resource intensive physics simulations, a machine-learning based surrogate
modeling workflow is proposed. The aim is to significantly reduce the simulation time re-
quired and arrive at a tolerable uncertainty range compared to that generated by numerous
physics-based simulations. This proposal first builds on existing sets of laboratory-scaled
experiments and allows us to investigate the feasibility of using machine learning methods to
come up with surrogate models where reliable outputs can be achieved with reduced simu-
lation time under a digital model framework and provide a list of important factors we must

consider in adopting the combined simulation method.
If successful, this would provide justifications for alternative fluid-flow simulation options

that could potentially revolutionize the fluid-flow simulation domain and their impact. This

use case also demonstrates how in subsurface modeling space, a subsurface digital twin is
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an idea integrator for multi-dimensional complex cross-functional investigation where both
instantaneous and dynamic effects could be evaluated under one system. We then discuss
how this vision is also about bringing the system to the people instead of asking people to
catch up to the system. We further articulate how it can be operationalized by adopting an
agile framework where we can evolve from a digital model to a digital shadow and eventually

toward a digital twin.

The agile implementation allows us to obtain feedback and alignments during implemen-
tation while utilizing some of the value-adding functions along the way. Lastly, we describe
a future organization powered by subsurface digital twins, how specialists from one function
can navigate through a complex organization without experiencing barriers in regard to data
and insights, and are encouraged to work with other specialized practitioners by design to

avoid siloed interpretations.

A blue-sky vision would be expanding our vision one step further to the scale of an en-
terprise digital twin, which serves as an effective boundary object to facilitate decisions in
real-time. A hypothetical blue hydrogen project could be quickly optimized by pulling data
and insights such as available hydrocarbon fluid properties, abundance, cost of operation,
CO2 sequestration potentials, H2 storage potentials, mineral rights, access to supply and
market, and pipeline and infrastructure availability from the evergreen subsurface digital

twin and surface digital twin.

A digital twin is often a strategic investment where the return is higher the longer it
is maintained. This type of strategic investment is an important component of a success-
ful digital transformation. It should be invested in parallel with other quick-win solutions
that address near-term challenges and be given dedicated long-term support as the human-

machine relationship evolves entering industry 5.0.
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This thesis work adopts a style that follows a general flow of system architecture and de-
sign, use cases, ilities, and future steps. Multiple publication-ready materials are embedded
within. Chapter 4 discusses how these components will contribute to the overall theme of

the thesis.
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Chapter 2

Subsurface Digital Model System

Architecture and Design

2.1 Introduction

With the development of data foundation enablers that bring data to our fingertips and
the maturation of machine learning workflows, it is still very challenging to deploy a holis-
tic subsurface characterization process, which is based on data and interpretations from all
subsurface functions under a common set of geological frameworks. The complication rests
with the siloed nature of our industry‘s utilization of multiple data types of different scales,
some determined from direct measurements and others derived from indirect measurements.
Extrapolations are needed because there is not a complete data set that links any given data
type to all other types of measurements at the same location (X, Y, Z). Given the poor data
density in our industry, a large degree of uncertainties may impact decision quality if data
were extrapolated without a geological context. This unfortunately bears significant conse-
quences as it would often result in poor economic outcomes and investment decisions, delay
timelines, and increase execution risks. Furthermore, apart from the constraints imposed

by limited data availability, the computational power limitations also play a crucial role in
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determining the time required for complex physics-based simulations. When conducting a
standard basin evaluation, the grid size in the x-y dimensions is typically in the order of 1km
by 1km, assuming a meaningful level of detail in the z-direction captured. In order to obtain
timely results, practitioners frequently make trade-offs between model resolution and simu-
lation time. Unfortunately, the practice of simulating a significant number of deterministic

scenarios to comprehensively assess output uncertainties and risks is rarely exercised|33], [35].

The challenge we are facing has always been both a technical and a sociotechnical one.
Establishing trust has been identified as one of the key issues hindering cross-function col-
laboration. In addition, to trust, silos are also created due to the nature of decision-making
based on scale. For example, when decisions are made on a different scale and on a different
timetable such as country entry decisions being made years in advance, play risking cycles
through a portfolio once every few years, prospect evaluation work done in an exploration
phase or contract timeline-driven multi-year scale, and reservoir management on an annual
basis, domain-specific tools are developed just to satisfy those needs. Domain experts do not
get trained to use different software because they are usually trained to be an expert in one
technical domain. All that results in people not having the need, the drive, and the means to
collaborate beyond their technical function. Geoscientists working on basin-scaled models do
not need to talk to geoscientists working on modeling the reservoir. Work products generated
from one team rarely get shared across the functional boundary. In the rare occasion where
works are shared, they would not be directly integrated into other people’s workflow. When
new data is presented or a new question is raised, a new model is often built as the path of
least resistance. This is amplified by pressing timelines business units usually impose on the
domain experts whereby they must use simple assumptions or only partially calibrate the
model to answer a specific question. Poor documentation leads to the misuse of outputs that
are only conditional and not meant to be applicable across the board. As a result, data in-

tegration, cross-functional collaboration, and interpretation quality are low, leading to a low
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overall success rate in exploratory wells and lessons if learned, are not shared across functions.

On the flip side, it has been shown that more collaboration, integration, and internally
consistent work yields better results as it will cross-constrain input uncertainty[4], [36], [37].
There is a clear value in capturing all the learnings and having only one version of the truth,
a holistic subsurface characterization. This would allow subsurface practitioners to spend

more time working on things that create more value than data processing and rework.

In this thesis, we aim to illustrate how these challenges can be addressed using a sys-
tem approach. We identify the effective boundary object, a subsurface digital twin that is
facilitated by a holistic subsurface characterization, in addressing the aforementioned tech-

nical and sociotechnical challenges. The system problem statement is summarized as follows:

2.1.1 System Problem Statement

To enable more effective decision-making with reduced uncertainty By building a multi-
dimensional subsurface digital twin integrating models, simulations, and machine learning
Using cross-disciplinary data sets While capturing and minimizing the uncertainties asso-

ciated with the process.

To keep the thesis focused, the system boundary is limited to the Subsurface Digital
Model and the Digital Basin Model, blue shaded boxes in Figure 2.1 below. The Subsurface
Digital Model is an indexed and georeferenced subsurface information volume or a digital
repository. It contains internally consistent information from different scaled digital models.
As the L1 architecture in Figure 2.1 shows, it could contain information from a Digital Basin
Model, a Digital Earth Model, and/or a Digital Reservoir Model. The Digital Basin Model,

Digital Earth Model, and Digital Reservoir Models are domain-specific and are currently
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working with a wide range of commercial software packages. It is nearly impossible to
align all software developers to be fully integrable with their competitors. The level of
complexity in all the interfaces at such a scale would be incomprehensible and an update
to one component from one software vendor would potentially cause a “hiccup” resulting
in failure in data and information flow to other components. The proposed Subsurface
Digital Model, therefore, is a boundary object which allows all domain-specific inputs to be
integrated into a central repository. In the case of a component failure, the subsurface digital
model will still retain the newest information from the previous iterations of that technical
domain. The Subsurface Digital Model is hyper-dimensional and omni-resolution, capable of
accepting indexed and georeferenced subsurface information volumes at different resolutions.
Effective visualizers would be able to operate on this common data structure to visualize
properties at any resolution through time and dimension. More specifically, one can, for
example, visualize the subsurface temperature changes through geological time, present day,
and dynamically after fluids are injected and extracted from wells. One can also visualize
the change in total organic carbon content, hydrogen index, hydrocarbon generation, and
migration with an increase in the thermal stress and structural development of the petroleum
system. This is the fundamental concept of the Digital Basin Model, which we will touch on

in the methodology section of this chapter.

Expanding slightly on Figure 2.1, Subsurface Digital Model, along with Surface Digi-
tal Model, Digital Organizational Model, and Digital Facility and Utilization Model yield
enterprise-level insights that could be aggregated for enterprise-scaled decisions. In addition
to the Subsurface Digital Model, which is shaded in blue, the Surface Digital Model could
include information such as land ownership and leasing rights, legal readiness and risk, access
to pipelines, facilities, and other infrastructures in the region, demand or customer informa-
tion and contracts, external facilities and business development, and policy risks. Digital

Organizational Model and Digital Facility Utilization Model while not expanded from the L1
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Figure 2.1: L1 Architectural Diagram of Subsurface Digital Twin System. This is for illustra-
tion purposes only as it may not include all components and sub-components. Blue-shaded
blocks represent the extent of the subject of discussion in the thesis system boundary.

system diagram, it contains people-related information and information from facilities and
tangible assets such as office buildings and labs. It is important to note that the diagram
does not include an exhaustive list of potential components as this is just an illustration to

show how quality data and insights can be leveraged when made available as a system to

28



decision-makers.

Following the “2 down, 1 up” principle|38], the L2 architectural diagram below in Fig-
ure 2.2 displayed that the Digital Basin Model consists of a wide range of available data
types. This includes geophysical data, petrophysical data, geochemistry data, rock data,
production data, surface geology survey, laboratory experimental data, data from collabora-
tors and subscriptions, and other local subsurface data lakes or analog databases. Some of
these data are direct measurements such as porosity in thin section samples extracted from
a side-wall core, total organic carbon content, vitrinite reflectance, and apatite fission tracks
from physical rock samples. Some of these data are indirect measurements such as resistivity

and gamma-ray logs, seismic reflections, and density derived from gravity and magnetic data.

These data have different levels of uncertainty and challenges when used alone. For
example, high-resolution data such as gamma-ray logs and resistivity logs have a vertical
resolution of half of a foot[39], but they are only available where a well is drilled. Seismic
data can be collected on a larger scale, but the vertical resolution is generally on the order of
meters|22]|. To get the best of both worlds, domain experts tie well logs with seismic reflec-
tors and use the reflections to determine the play boundaries[40]|, [41]. This demonstrates
that integrating data across functions enhances product resolution and reduces extrapolation

uncertainty from one siloed data.

However, this is just one case of knowledge integration. Moreover, seismic data are not
always available where a well is drilled, and in development fields, seismic data are not used
as a primary source of data due to their lower resolution nature. In mature unconventional
basins such as the Permian Basin, it is common to work with thousands of well tops directly
instead of using seismic data to model the subsurface[42|, [43]. Challenges in those systems

then become the vintage of seismic data, the different time-to-depth conversion velocity
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models used for different seismic volumes, different stratigraphers picking different forma-
tion tops, and the lack of data and interpretation in the geographical area or stratigraphical

position lacking prospectivity.

For all of these systems, before siloed data can be integrated together, we must first es-
tablish a geological framework. The geological framework provides contexts for data within
the same geological and depositional settings to be compared and quality checked. These
data then must be weaved into a geological story that follows a structural and stratigraphical
framework. Some domains in this field include structural geology, basin framework, clastic-

stratigraphy, biostratigraphy, and chronostratigraphy.

Digital Earth Digital Reservoir
Model Model

Figure 2.2: L2 Architectural Diagram of Subsurface Digital Twin System. This is for illustra-
tion purposes only as it may not include all components and sub-components. Blue-shaded
blocks are system components that represent the extent of the subject of discussion in the
thesis system boundary.

Stepping out a level of this framework provides us with a higher-level view of how the

subsurface digital model could be utilized strategically. As the L0 architecture diagram
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shows in Figure 2.3, analytics and insights facilitating optimization decisions could be done
in real-time when subsurface, surface, organizations, and assets models are utilized at the
enterprise level. Financial modeling and external landscape assessment could be further in-
tegrated to provide informed pivoting investment decisions. Again this illustration does not
include an exhaustive list of all possible components and sub-components as it only serves

an illustrative purpose.

Analytics and
Optimization Decisions

[

Enterprise Enterprise Policy and
Digital Model Digital Finance External

Subsurface
Digital Model

Surface Digital
Model

Digital
| Organizational
Model

Digital Facility &
- Utilization
Model

Figure 2.3: L0 Architectural Diagram of Subsurface Digital Twin System. This is for illustra-
tion purposes only as it may not include all components and sub-components. Blue-shaded
block illustrates the subject of discussion in the system boundary.

To add more functional elements to the L0 diagram, we can see how Digital Basin Model
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and Subsurface Digital Model contribute to the entire process. As Figure 2.4 shows, cleaned
data are fed into the Digital Basin Model, through a combined physics-based, bottom-up
basin modeling approach and top-down geoanalytics data-modeling approach. Integrated
property volumes are provided in a repository or a Subsurface Digital Model. This inter-
nally consistent Subsurface Digital Model is then made available to inform decisions. It is
important to note that the integration process of the Digital Basin Model construction itself
significantly reduces data and extrapolation uncertainties. This data is then fed back into
the raw data source with tags indicating its validation through the Digital Basin Model and
deviations from the model trend. Digital Basin Model will be described in greater detail
as an example platform for subsurface geological frameworks and interpretations that will

be utilized by the Subsurface Digital Model in the methodology section of this thesis chapter.

I Feedback
i -

ﬁ » §§§

Cross-disciplinary
datasets and

interpretations Digital Basin Model

Subsurface Digital Model Analytics and
Optimization

Figure 2.4: Process flow of the Digital Basin Model and Subsurface Digital Model. Every
process is iterative and a source of feedback to connected processes

The proposed architecture is built on four distinct layers. Figure 2.5 below shows these
layers including the Data Foundational Layer, the Model Engagement Layer, the Aggregated
Information Layer, and the Decision and Interactive Layer. This is the minimum number of

layers required to yield a stable system architecture for scoped vision.

The Data Foundation Layer at the lower portion of the diagram is mainly responsible
for storing data measurements of all sorts and disciplines. These data are typically raw

data that are directly sourced from data lakes such as the Open Subsurface Data Universe
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(OSDU)[44], internal data lakes, publications, and external database subscriptions. These
data usually contain errors and are often incomplete. It requires cleaning procedures and

domain expert quality control before entering into the physics-based modeling process.

The Model Engagement Layer above the data foundation is where all the domain experts
make sense of data through physics-based model building and numerical simulation. This
layer also is responsible for all the cross-functional collaborative workflows where information
is shared across the modeling community. There are many software vendors supplying tools
and capabilities for subject matter experts in this layer. Domain experts are expected to be

the primary stakeholder for this layer.

Above this layer is the Aggregated Information Layer. In this layer, there are only struc-
tured, georeferenced, indexed subsurface properties, or information. It is sometimes called
‘data,” as the ‘data’ is often defined loosely. However, it is best to give this type of insight
a different name, such as referring to them as ‘information.” This would allow the attention
of people to distinguish this type of insight from raw data measurements collected from the
wellbore or through other indirect means. The ‘information’ from the Subsurface Digital
Model represents the most likely value of that property at a certain location and time. It
may be different than the data measurement itself at that location giving competing data
inputs and physical relationships to other measurements nearby. The disagreements between
data and modeling output reduce through iterations as data are continued to be quality con-
trolled and new geological assumptions or conditions are incorporated into the subsurface

models.
Finally, we have on top, the Decision and Interactive Layer. This layer is mainly respon-

sible for information inquiries, data analytics, optimization, and visualization. New data can

be easily compared with related properties within the Aggregated Information Layer. Data
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analytics including machine learning techniques can be utilized in producing new property
grids or volumes based on data models. Fit-for-purpose applications can be used to utilize
the subsurface digital model. For example, it would be extremely valuable to have the capac-
ity to test new data against the one subsurface interpretation in short-notice opportunities
such as data trade and data rooms. Powerful visualization can also be developed to render

the right level of resolution for any decision at any time.

C—

Figure 2.5: System architectural layers enabling data and information flow for the Digital
Basin Model and the Subsurface Digital Model.

In general, the upper structures require lower structures and the lower and upper struc-
tures operate iteratively and mutually help improve the quality of individual layers. In
this illustration, the Digital Basin Model, the Digital Earth Model, and the Digital Reser-
voir Model from Figure 2.5 all reside in the Model Engagement Layer while the Subsurface

Digital Model resides in the Aggregated Information Layer.
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2.2 Materials and Methods

2.2.1 Digital Basin Model

To keep the thesis scope narrow, we will be showcasing one type of digital model — the Digital
Basin Model as an example modeling workflow in the model and engagement layer. Other
types of models such as the Digital Earth Model and Digital Reservoir Model will follow a
similar train of thought using similar digital tools and technologies to detail a digital subsur-
face property volume. Digital Basin Model as Figure 2.6 below shows, has two components,

namely Integrated Basin Model and Geoanalytics.

Integrated Basin Model is defined as an extension of the domain of petroleum system
analysis or basin modeling. The key difference is the iterative nature and the inclusivity of
all different data types that are not typically included in a typical basin model. This could
include detailed exhumation and erosion histories, presence and quality of organofacies and
organic matter, detailed lithofacies volumes, an excessive number of logs and calibration data
points, geophysics data, and paleo-formation-thickness restoration such as resulting from
salt tectonics. Boundary conditions such as basal heat flow history (HF), paleobathymetry
(PWD), and sediment-water interface temperature (SWIT) are provided as input parameters
for a geological model and are then calibrated against common calibration datasets such as
temperature, pore pressure, and vitrinite reflectance while at the same time allowing them

to be solved as a target variable to best fit the data.

The order of calculation is the reason why it is termed the “Bottom-Up” Physics-based
numerical simulation approach. Geoanalytics is developed to complement the lengthy time
required to adjust and tune input boundary conditions for model output validation. Data

modeling approaches can be adopted to hasten the process needed to get to a suitable bound-
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ary condition and input parameter in a short amount of time. Data modeling approaches
include classical domain-led analytical relationships, local observation-driven empirical rela-
tionships, or machine learning-derived high-dimensional models which are typically difficult
to visualize. The physics-based simulation helps to reduce extrapolations and provides a con-
tinuous realization of modeling properties that simply extrapolating a raw data set could not
provide. On the other hand, data analytics provides useful intel on whether model prediction
is in line with observation. In the case where they do not agree, lessons are learned. This
typically results in improved data cleaning and labeling and additional model constraints
or geological controls being considered, potentially leading to basin-wide implications. The
Integrated Basin Modeling forward modeling process works hand-in-hand with the Geoana-

lytics process in providing an ever-better subsurface characterization.
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Figure 2.6: Functional diagram of the Digital Basin Model. The first component is the
bottom-up physics-based simulation approach, and the second component is the top-down
data modeling approach or "geoanalytics."
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2.2.2 Integrated Basin Model and Geoanalytics

It requires a team of domain experts to assemble all the building blocks of an integrated
basin model. As Figure 2.7 shows, it encompasses the extent of an entire basin. It integrates
a wide range of data that are used to establish a structural framework and a stratigraphical
framework. Surface Geology data such as outcrops information are used to detail the extent
of exhumation and erosion and its timing. In the case where outcrops information can be
analyzed in labs, we could obtain more information such as maximum thermal exposure and
degree of compaction the rock experienced. This would give us direct evidence to model rocks
that are still buried deep underground. Gravity and magnetics data help us to understand
the general basin geometry deep into the crystalline basement. Although this type of infor-
mation is in lower resolution, it provides useful information on basin extent, geometry, and
justification for the distribution of basal heat flow. Satellite data such as the Shuttle Radar
Topography Mission (SRTM) from NASA[45], provides high-resolution topography informa-
tion that we can integrate to approximate a sediment-water interface temperature (SWIT).
Satellite altimetry[46], [47], Light Detection and Ranging (LIDAR)|[48], and various Sonar
technologies are used to obtain accurate bathymetric depths when the sediment surface is
below sea level|4]. Global mean surface temperatures adjusted to paleo-plate-reconstructions
are typically used to estimate SWIT through geological time[4]. In the case where the topog-
raphy is above sea level, the effect of the temperature lapse rate under associated adiabatic
conditions may be considered a correction to the sea level temperature[49], [50]. All this
information is essential to set up a proper thermal model to capture present-day conditions
and is used to simulate temperature through geological time. Together with the basement
depths inferred from gravity and magnetic data, it resembles the construction of the ‘geo-

logical oven.’

To continue detailing the framework of the geological model temporally, key geological
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events together with regional seismic data and well logs are integrated chronologically into the
regional geological framework. Important information such as tectonic events, stress regime,
intrusion episodes, fault developments, exhumation, erosion, as well as salt movements gives
key information for paleo-structure and bathymetry restoration|[51]. Due to stress orienta-
tion changes through geological time and differential compaction, depositional centers may
shift from one era to another|[52]. Paleo-water-depth (PWD), paleo-formation-depths, and
paleo-formation-thicknesses are typical output from this exercise and provides a high-order
guideline on how and what geological contents or matters went through the ‘geological oven’
since their deposition. The geological model can then be further detailed by adding vertical
resolutions. This is typically achieved by incorporating higher resolution 3D seismic data and
a wealth of petrophysical data such as gamma-ray logs, resistivity logs, sonic, and if possible
neutron porosity logs and image logs to establish higher order stratigraphic framework. This
higher-order stratigraphic framework makes sure bio-stratigraphy, carbonate-stratigraphy,
seismic-stratigraphy, and clastic-stratigraphy are internally consistent. In successful cases,
this framework can be detailed to the fourth-order system tract level such as in the data-rich

Permian Basin[53], [54].

To simulate temperature and pressure through time, we must define the lithology of
rocks occupying every model cell in the integrated basin model. The detailed stratigraphical
framework also gives guidance on the facies and mineral distribution needed to decorate the
lithological model. This process is important because different types of rock will display
different physical properties through diagenesis. For example, shaly rocks usually contain
a high level of porosity early depositional, but the porosity decreases drastically through
compaction. Sandstone on the other hand may have lower initial porosity but will have
higher terminal porosity due to stronger structural supports of quartzite minerals[55], [56].
Porosity directly translates into differential bulk density, bulk thermal conductivity, and

permeability and pore pressure calculations. Porosity change also impacts the change in
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geological structure. This has a direct impact on the flow paths of target fluid migration.
Hydrocarbon is lighter than water, buoyancy forces drive the hydrocarbon expelled from the
source rock interval upward. The change in geological structure may alter fluid flow path-
ways which may bear significant consequences. In other words, mischaracterized lithology
may result in false confidence in prospectivities found in an actual fluid migration shadow.
Some clay-rich minerals are also rich in uranium, potassium, thorium, and plutonium. This
can also attribute to significant radiogenic heat production[57], [58]. Radiogenic heat gen-
eration accounts for half of today’s surface heat flux|59], [60]. In data-rich unconventional
basins, high-fidelity lithofacies maps are typically produced through geostatistical means us-
ing abundant petrophysical logs. There are other forward modeling methods one may adopt
that yield alternative extrapolation realizations through the lithofacies modeling exercises
such as Compstrat forward modeling and geoanalytics approaches|61], [62]. For consistency
purposes, one set of protocols should be followed in generating these lithofacies grids. Some
methods may work well in data-rich intervals while performing poorly in intervals with lim-
ited well penetration, while others may produce a better overall product balancing between
data-rich and data-poor rock strata. These issues illustrate the need to capture input and
output uncertainty in our digital basin model and the subsurface digital twin. We will dis-

cuss this issue in detail in Chapter 4 of this thesis.

With the ‘geological oven’ and ‘geological matters’ defined, present-day temperature,
pore pressure, and porosity measurements can be used to tune or calibrate the boundary
conditions for the present-day thermal model. Temporal insights captured from information
such as vitrinite reflectance, TMax measurements from rock pyrolysis, thin-section quartz
and carbonate overgrowth measurements, fluid inclusion analyses, presence of igneous sills,
biomarkers, diamondoids, porosity measurements, and apatite fission track measurements,
when available can be utilized to validate the geological story while adding timing pertinence

in paleo-events|63]-[69]. Timing is critical because it is much riskier to find a commercial
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accumulation of hydrocarbon when the hydrocarbon generation predates the reservoir geom-
etry and seal formation. Other hydrocarbon migrations delaying mechanisms are required
for these types of systems to work such as late structural development or the presence of
hoteling mechanisms and interformational seals[57], [70], [71]. For unconventional resources,
mechanisms that promote hydrocarbon retention are emphasized instead of expulsion|72],
[73]. Regardless of the play type, integrating all different data types into the integrated
basin model reduces the uncertainty of our subsurface understanding and opens the door for

a high-fidelity digital basin model and a subsurface digital model.
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Figure 2.7: Graphical illustration of the Digital Basin Modeling components. Physics-based
modeling approach provides framework information for geoanalytical methods.

Through the integrated basin modeling process, geoanalytics workflows are developed
to generate high-fidelity modeling properties. Geoanalytics is data analytics under a geo-
logical framework utilizing advanced statistical tools while constrained by domain-specific
relationships. As Figure 2.7 shows above, as subsurface information is extracted at the same
location (X, Y, Z, T) of a new data type, a data model can be established. Geoanalytics
is solution neutral, meaning it can accommodate domain-specific analytical relationships,

local empirical observations, or higher dimensional machine learning workflows. After a sat-
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isfactory statistical model is constructed to explain all the observations, this model is then
applied to all cells in the model to generate an extrapolation of that new data set. This way,
geology, domain-specific relationships, and physics are built into the data modeling process.
This significantly reduces the extrapolation uncertainty compared to siloed extrapolation
work such as inverse distance, seed-based, or geostatistical-based methods that are practiced

currently.

2.2.3 Digital Model, Digital Shadow, and Digital Twin

The Digital Model is a broad term that refers to any digital representation of a physical
object. They are connected through indirect feedback and manual data flow. A digital
model can range from a simple 2D representation to a high-resolution full-physics simula-
tion through time depending on the intended purposes. In this thesis, the subsurface digital
model represents a 3D — 4D digital representation of a subsurface system of interest. The
content of this subsurface digital model is supplied from physics-based simulations across

multiple disciplines and geoanalytics using cross-functional data.

A digital shadow is a dynamic and real-time digital representation of a physical object.
Automations are built in so the digital shadow can be updated continuously based on real-
time data collected from the physical object. In the field of earth science, this could mean
sensors in place to monitor seismic activity, pressure and temperature sensors in the bore-
hole, or flow gauges at the wellhead. The advantage of the digital shadow is to automate
data collection and entry so domain experts can be informed in real-time. This is often
implemented when strong causal relationships are established, and sensors can be placed to

obtain critical information needed.

A digital twin goes one step further in sophistication and complexity. It is typically a
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digital representation of a physical object, system, or process that is not only monitored in
real-time but also includes additional contextual information, historical data, and advanced
analytics capabilities such as prediction and prescription. This requires a high degree of
understanding of the physical system and controls and is typically the end goal of any digi-

talization of a physical object or system.

From a system perspective, much more is happening than what is documented in papers
and articles|74|. A digital twin is usually perceived as a simple model, but in reality, it is
very complicated|[75], [76]. Attaining the data, licensing the data and software, and a lot
of social system complexities that are not accounted for from the technical complexities of
this model/system. Therefore the implementation strategy of the subsurface digital twin is
critical as a complex system does not necessarily mean a complicated system. All relation-
ships among components and interactions among stakeholders should be carefully evaluated

to help improve decisions.

In implementing the subsurface digital twin vision, the subsurface digital model process
can be viewed as a Minimum Viable Product (MVP) of the subsurface digital twin. As
Figure 2.8 shows below, when feedback loops between the physical system and the digital
system are maintained bidirectionally, a subsurface digital model becomes the subsurface
digital twin. For this reason, “Digital Model” and “Digital Twin” terminologies are used

interchangeably in this thesis.

Grieves and Vickers|74] also described different types of digital twins from an enterprise
perspective such as the digital twin prototype, digital twin instance, digital twin aggregate,
and digital twin environment. For the scope of the paper, we limit the digital twin to the

system boundary to the system diagrams shown in Figure 2.1 above.
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Figure 2.8: Graphical illustration of the technology-focused definition of a digital model,
digital shadow, and digital twin. Figure adapted from Kritzinger 2018[77].

2.3 Results and Discussion

The integrated basin model construction process is facilitated by cross-disciplinary collabo-
ration in the form of a Team of Teams organizational model|78|, [79]. The modeling process
is iterative and learnings are bi-directional. During an internal pilot study, it was identified
that there were a lot of geochemistry, well tops, and engineering data that were merged
into the database with wrong Xs and Ys, likely resulting from erroneous projection transfor-
mation. Many data also have erroneous units and header information such as depth below
mud-line and total vertical depth sub-sea assigned. Different software also may denote ele-
vation with a positive number and depth subsea using a negative number while some tools
will do the opposite for domain-specific purposes. These findings were shared amongst all

project teams, and it was critical to improve everyone else’s work product.
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Figure 2.9 below shows three different types of data QC classifications categorized through
the internal pilot study. The first type is “Automated QC.” This type of data QC does not re-
quire a domain expert’s participation. It is generally applying rules to screen out problematic
data. Some of these rules include “Is this a text or number?” or “Can this field be a negative
number?” Sometimes these even happen behind the scene automatically during a data merge.
The second type of data QC is “Advanced QC.” This is the state-of-the-art practice where
domain experts will be looking at the analytical correlations, empirical relationships, data
distribution profiles, and dynamic measurement profiles to make an interpretation-based de-
cision. Domain experts usually leverage regression, and QC templates on trade-spaces to
derive insights. The third type of data QC is system-based data QC. In the subsurface
digital model system, all data are talking to each other through physics and first principle-
based processes. This process cross-constrains possible data ranges due to the presence of
other competing evidence in the same geological location or under the same set of physical
laws. Geospatial and temporal relationships are also possible to allow data QC from higher
dimensions. This process requires cross-functional collaboration and produces the highest

value.

Automated QC Advanced QC QC by system integration

A
@ Vav.

Figure 2.9: Ilustration of different data quality control methods (Automated QC, Advanced
QC, and QC through system integration and data analytics.

QCed data are generally used with limited validation. For additional quality assurance,

data passed through the advanced QC stage can still be validated through geoanalytics.
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Geoanalytics not only ensure that all the data involved in the data analytics are from the
same location or geological setting, but it also allows users to visualize and operate in the
data domain. For example, the total organic carbon content and its distribution, a key con-
tributor to a working petroleum system, is difficult to predict because as organic material
matures and expels away from the source rock, the remaining total organic carbon con-
tent (TOC) decreases compared to its depositional magnitude[80], [81]. The instantaneous
sedimentation influx is also a critical organic matter preservation factor. In the beginning,
some level of sedimentation helps to preserve the organic materials by effectively burying
the organic-rich sediments through the sediment surface reactive layer, preventing organic
material oxidation by the oxygen-rich bottom water and being bioturbated|82|. However,
at some point the amount of inorganic influx is going to outpace the additional amount of
organic carbon preserved, resulting in the dilution of source rock quality or reduced bulk

total organic carbon|83]-[86].

Figure 2.10 below shows the rare opportunity for the observation of total organic carbon
content distribution and their relationships with the thermal maturity of the source rock and
the instantaneous sedimentation rate during source rock deposition of a world-class source
rock as a result of the internal pilot. This system also allows us to explore a P10 and P90
case analytical relationship to establish some level of confidence interval in the final inter-
pretation. Illustrated by the red arrow in Figure 2.10 below, there can be different surfaces
that cover the upper and lower envelop of the analytical relationship. Note that the Ro and
sedimentation rate axes are anonymized here due to IP concerns but it satisfies the purpose
of this section that is to illustrate the utility of such an integrated system can bring to do-

main experts.

Products generated through geoanalytics are therefore much more geologically sound

and are more correlative to other parameters that expect a relationship with the TOC. As
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Figure 2.10: Total Organic Carbon content (TOC) as a function of thermal maturity (Ro)
of the source rock and the instantaneous sedimentation rate during source rock deposition.
The red arrow indicates the degree of data variation and the level of uncertainties in this
data model. Some axes are anonymized due to IP concerns.

Figure 2.10 shows, a new TOC realization for the interval of interest is generated by ap-
plying this model to all cells with vitrinite reflectance and sedimentation rate values in the
same geological settings given that the established analytical solution coverage is expansive
through the entire geographical and data domain. Figure 12.11 below shows a histogram of
a normalized delta percentage grid generated through geoanalytics and another grid through

reverse distance squared extrapolation method. The uncertainties away from well control
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can easily reach +/- 40% in absolute terms. A use case of higher dimension relationships

will be documented in detail in the following chapter (Chapter 3) through machine learning.
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Figure 2.11: Delta histogram showing the uncertainty difference between numerical extrap-
olation methods and geoanalytical method using the Digital Basin Model.

In summary, the data uncertainties and extrapolation uncertainties can be significantly
reduced when a system-based approach is adopted. Figure 2.12 below shows how integrated
basin modeling and geoanalytics workflows systematically reduce uncertainty compared to
classical basin modeling approaches and siloed interpretations without any type of data in-
tegration. When a domain expert uses simple numerical extrapolation methods, the uncer-
tainty is the largest. Basin modeling tools and workflows have been evolving and becoming
more inclusive of new data types in a more inclusive manner. The basin modeling process
reduces overall uncertainty because different data are integrated with a geological frame-

work. However, in fluid flow simulations, many assumptions are usually made with limited
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data support. Augmented uncertainty from assumptions such as source rock generation and
expulsion kinetics, expulsion efficiency, original TOC and hydrogen index, source rock thick-
ness, and hydrocarbon migration pathway and efficiency results in an amalgamated amount

of uncertainties.
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Figure 2.12: Delta histogram showing the uncertainty difference between numerical extrap-
olation methods and geoanalytical method using the Digital Basin Model.

Integrated basin modeling together with geoanalytics combines the bottom-up physics-
based approach and the top-down data modeling approach iteratively. This allows data
analytics to be constrained within a meaningful geological context, and products generated
can be integrated back into simulation right away to generate a more constrained simulation
output. It would be valuable to maintain a digital basin model in every active basin the

company operates in.
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Chapter 3

Brittleness Prediction Using a
Subsurface Digital Twin and Machine

Learning Algorithms

3.1 Abstract

Understanding the brittleness of rock is important for drilling and completion. In uncon-
ventional resource development, the brittleness of rock informs drilling engineers how to
most efficiently and safely drill through the rock strata and where to land a well or an-
chor a directional heel. Completion engineers also need this information for an adequate
completion design to maximize economics and minimize risks through hydraulic stimulation.
Conventionally, brittleness data are evaluated based on the lithological information from
petrophysical logs, thin-section measurements, and geomechanical tests. In Chapter 3, the
thesis documents a pilot study, for the first time, using geochemistry and temporal infor-
mation derived from structural restoration and basin evolution, bringing useful insights on
diagenesis to inform rock brittleness prediction, data uncertainty, and extrapolation. This

pilot illustrates for the first time, as a system, how geochemistry and basin modeling data
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could be used for petrophysical property prediction through a subsurface digital model and
geoanalytics and how information from other disciplines could be valuable if made avail-
able to cross-functional teams as this type of temporal information is typically not available
to a petrophysicist to conduct a holistic assessment in geomechanical property modeling.
Tree-based Random Forest machine learning algorithms are used in geoanalytics to apply
key geological controls and data governing brittleness distribution identified to extrapolate
brittleness index values away from well controls. A series of data modeling protocols are
established in this satisfactory machine learning-based geoanalytics application and its asso-
ciated properties extraction from the subsurface digital model. As a validation process, we
identified that present-day burial depth is not a significant correlating factor due to exten-
sive thickness changes resulting from exhumation and erosion in the area of investigation.
Temporal information such as maximum burial depth and maximum formation temperature
is much more correlative to the brittleness distribution. It is evident that in addition to
mechanical compaction, metamorphic transformations such as quartz and calcite growth are
important contributors to the diagenesis process and should be considered for such analy-
ses in the future. A subsurface digital model would facilitate better and quicker products

through cross-functional collaboration.

3.2 Introduction

In this chapter, the aim is to demonstrate cross-functional collaboration through a system-
based solution, the Digital Basin Model that was introduced in the previous chapter. An
internal pilot study assessing rock brittleness distribution is investigated with learnings doc-

umented here as a use case.

Understanding the brittleness of rock is important for drilling and completion. In un-

conventional resource development, the brittleness of rock informs drilling engineers how to
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most efficiently and safely drill through the rock strata and where to land a well or anchor a
directional heel. Completion engineers also need this information for an adequate completion
design to maximize economics and minimize risks through hydraulic stimulation|87|. Brit-
tleness estimation away from well control is difficult, however. Conventionally, brittleness
data are evaluated based on the lithological information from petrophysical logs, thin-section
measurements, and geomechanical tests. These data are collected at the wellbore, extrapola-
tions are typically required to construct a geomechanical model covering the entire reservoir

or stimulated rock volume for unconventional systems.

Machine learning methods have been developed in the field of petrophysics so that we
can produce a synthetic compressional wave travel time (DTC _SYN) and shear wave travel
time (DTS _SYN) sonic log using correlations of other log responses to sonic logs in sim-
ilar lithologies|88], [89]. However, this only works within a well where log data are being
collected. Prediction of geomechanical properties away from wells has been challenging due
to limited geological guidelines for geomechanical properties propagation away from well
control or to formation without log data/penetration. Overfitting is a common pitfall for
high-dimensional machine learning models|90], [91| and even geostatistical methods|92], [93]
when used to extrapolate away from well control while domain experts are not always in
a good position to interrogate the machine learning (ML) models due to the often-limited
transparency of the process|94], [95]. However, there are arguments on both advantages and

risks of allowing intervention|96], [97].

The main issue for applying advanced extrapolation methods is that the data density
away from well controls is much lower, often in different resolutions and with different mod-
eling assumptions resulting in inconsistencies. A large degree of uncertainties may impact
decision quality if data were extrapolated without a geological context. A system-leveled in-

formation repository such as the Digital Basin Model would enable machine learning-based
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geoanalytics workflow which bridges the best of two worlds. The physics and chemistry-
based basin model is utilized to reduce geological uncertainties as well as improve interpo-
lation and extrapolation by reducing uncertainties through the honoring of first principles,
petroleum system principles, geospatial relationships, temporal relationships, and available
data. Products ingested by machine learning/artificial intelligence applications thus result
in more informed and pertinent assessments. The system also gives both domain experts
and data modelers tools to investigate modeling parameters and intervene as needed. The
processes and protocols of modeling and data validation bring credibility to geoanalytical

products.

In this manuscript, we demonstrate how cross-disciplinary datasets such as geochemi-
cal data as well as simulated basin model temporal information such as maximum burial
depths can be used as control of diagenesis which impacted the rock brittleness compliment-
ing conventional lithological data for the first time. Multiple data science QC protocols
are established to safeguard geoanalytics model fidelity. Geoanalytics is integrated inter-
pretations and multi-variable data analyses using a cross-constrained physics-based model.
While geoanalytics can be applied to other scaled models, in the context of the Digital Basin
Model, geoanalytics is being operated on an integrated basin model. Geoanalytics is also
solution neutral. It can include classical analytical approaches or machine learning-based
analytical approaches. Figure 3.1 below illustrates the high-level flow diagram of how these

interactions take place for a machine-learning analytical relationship used for this case study.

3.2.1 System Problem Statement

The SPS of this pilot is To reduce exploration and development uncertainty By providing a
geologically valid mean brittleness index distribution grid for a well-defined rock formation

through geoanalytical means Using a digital basin model.
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Figure 3.1: High-level workflow of the machine learning brittleness index prediction study.
Blue boxes are features extracted from the Digital Basin Model, Pink box is the target
variable, and the green box is the model output. Bottom right is an illustration of the two
main components of the Digital Basin Model.

The pink box from Figure 3.1 above represents the variable of investigation, the brittle-
ness index data. This data has a format of X, Y, Z, and value. Because the brittleness of rock
is a function of depositional mineralogy and diagenesis post-deposition, all parameters within
the first and second-order relationship to these geological controls are extracted from the in-
tegrated basin model or the digital basin model. These datasets are in the same format as
the brittleness data, X, Y, Z, and value, represented as blue boxes to the left. Total datasets
are then broken into an 80/20 training and testing dataset split. Data analytical modeling is
performed on all the extraction training datasets to predict the brittleness training dataset.
Upon a satisfactory machine learning model is found and correlating features identified and
validated, the model is applied to the entire correlating feature property grids exported from
the integrated basin model or the digital basin model. This will result in a digital basin
model resolution modeling output of our target variable brittleness index. This is denoted as

the green box in the diagram. This product grid is then validated against other independent
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property grids from the model to validate the consistency and quality of extrapolation. It is
then broadcasted to the digital basin model or others to use or incorporated into the inte-
grated basin model for interactive simulation when possible. It is important to note that for
the purpose of this pilot test, all the property grids used are basin modeling or geoanalyt-
ics products and have already been completed, validated, and integrated into the subsurface
digital model prior to this assessment. Some property extrapolation may be required because
the digital basin model and subsurface digital model do not permit void spaces in the data
volume. Detailed modeling processes and protocols to minimize extrapolation uncertainty

are documented in the material and method and result and discussion section in the chapter.

The iterative nature of geoanalytics and integrated basin modeling process reduces the
data and extrapolation uncertainty and improves the accuracy of a physics-based basin model
through time. The following section will document a series of data modeling protocols which

is required to meet our system problem statement requirement.

3.3 DMaterials and Methods

Neural network machine learning method was used to produce synthetic shear wave travel
time (DTS) and compressional wave travel time (DTC) sonic logs when there are data miss-
ing in a section of the wells. DTC, gamma ray (GR), neutron porosity (NPHI), density
(RHOB), photo-electric factor (PEF), and resistivity (RESD) logs are used to predict a syn-
thetic shear travel time log (DTS SYN) when DTC data is available. GR, NPHI, RHOB,
PEF, and RESD logs are used to predict both the DTS SYN and synthetic compressional
wave travel time log (DTC_SYN) when DTC and DTS data are both absent. Rock brittle-
ness data was then calculated using the Halliburton Brittleness Index method|29]. Brittleness
Index data are upscaled to a weighted average value for each well for the formation of interest

after standard petrophysical cross-plot data QC are applied. This cleaned dataset and the
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precise positions (longitudes, latitudes, depths), or (Xs, Ys, Zs) are then used as the position

to query information from the integrated basin model.

The petrophysical model and integrated basin model share the same stratigraphical
framework. Therefore, all the data extractions happen in the same formation. Parame-
ters that are affiliated with depositional mineralogy composition and diagenesis processes
are upscaled and extracted from the integrated basin model. If the extraction position does
not lie on top of a grid node, distanced based weighted average method is used for the extrac-
tion. This ensures extractions with the same resolution and consistency. This information
cannot be used directly before validation. There are typically two issues, 1: the extraction of
integrated basin model position is nearing the formation boundary, or the formation is very
thin; 2: there is a large sum of model parameters that are extracted, and some may exhibit
collinearity. Leaving these issues unchecked would result in higher dimensional overfitted

models, problem converging, or a large amount of model uncertainties.

Exploratory data analysis (EDA)|98], as Table 3.1 shows, helps us to explore problem-
atic data and the collinearities of all parameters involved in the analysis|99]. There are data
from 489 wells with brittleness index calculations for the formation of interest involved in the
study initially, a total of 49 feature parameters are extracted from the integrated basin model
from the same 489 brittleness index data positions. This information is placed on a large
array grouped by the same Xs, Ys, and Zs. Data engineering workflow under an integrated
basin model identifies the reasons for null cells and problematic values. These are typically
due to 0 thickness formation and extraction near formation boundaries. After problematic
cell removal, a total of 441 quality common datasets are created for every feature extraction
plus the brittleness index. Each extracted feature is then plotted against every other feature
to determine the collinearity. Features that are controlled by the same factors are grouped

with some removed from the modeling process to avoid biasing. Some example parameter
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Table 3.1: Summary Table for Exploratory Data Analysis (EDA)

EDA and Data QC Results Data Amount %
Brittleness Data 489 100 (Baseline)
Final Data Counts 441 90.2 (Maximize)
Initial features 49 100 (Baseline)
Final features 7 14.3 (Minimize)

that displays great amount of collinearity includes maximum vertical effective stress and

maximum burial depth or maximum formation temperature and vitrinite reflectance.

There may be some parameters that demonstrate strong collinearity but at the same
time yield new information. This can be for example maximum burial depth and vitrinite
reflectance because pressure and stress are the new information the maximum burial depth
carries. It may be perceived that the deeper it is the hotter it gets, but this is not always
the case when 3D heat-flow is considered with varied rock thermal conductivity and surface
temperature difference. In these cases, we aim to preserve these features by investigating
similar features within the similarity group to reduce the collinearity and increase the new
information added. The guiding principle is to maximize the final data count and minimize
the final features involved in the data science model while not compromising the model qual-
ity and feature importance. The process of feature engineering is iterative, the number of
features or the selected features may still change if the model does not produce consistent
outputs and displays unexpected or unjustifiable relationships. 7 final modeling features,
quartz volume, maximum burial depths, porosity, calcite volume, TMAX, average TOC,
and volume of illite are selected through the entire data modeling process which is the least

number of features without compromising model quality and stability.

Figure 3.2 below describes the workflow of the machine learning modeling process. After
data assurance and quality checks through the EDA process, the data array extracted is

parsed into an 80/20 split training and blind test set. The blind test data set has never
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been seen by the machine learning model and is used to validate the model’s efficacy at the
end. The training data set is further divided into small subsets of data chunks and used in

different combinations through the cross-validation process[100]-[103].

Data extraction Hyperparameters

Feature
engineering

Testing set Training set Cross validation

Model : Optimal
: Train model
evaluation hyperparameters

Accepted

- Feature grids

. ) Full prediction s
l from digital basin model

Figure 3.2: Machine learning-based geoanalytics workflow diagram for brittleness index pre-
diction pilot. The purple boxes are parameters extracted from the Digital Basin Model, and
the green box is the model output.

The cross-validation process, as Figure 3.3 shows, allows the model to be trained with
different combinations of input data. In this pilot study, 10-fold cross-validation approach
is used. This means the model breaks the training dataset into 10 random data chunks and
then trains and validates the model in 10 different iterations. Model performance is reported
as an average of the 10 iterations instead of just one single set training data set. This process

helps to minimize biases or to produce a “good” machine-learning model by luck and results
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in a more stable model.

Extra protocols are implemented for the hyperparameter tuning process which is essential
for a set of fair hyperparameters used in the training of the machine learning model. These
protocols minimize the risk of overfitting, a common problem in applying machine learning
models in lower data density applications. A set of initial model features are selected during
the EDA process. Features are iterated, evolved, and finalized with a balance among feature
selection, hyperparameter requirement, model performance, and model stability through the
feature engineering process. A final set of features are selected at this stage. In this pilot
study, we used the tree-based machine learning modeling method random forest|31| due to
its advantages such as the reduced overfitting risk, the better handling of biases and un-
certainties, and the capability to handle non-linear relationships. However, the machine
learning-based geoanalytics using an integrated basin model is machine learning method ag-
nostic. This means it can be used for any type of data modeling approach, not limited to

random forest.
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Figure 3.3: Illustration of cross-validation process. 10-fold cross-validation process was
adopted in the machine learning brittleness index prediction geoanalytical model.

To further reduce biases, geographical and statistical debiasing protocols are implemented
as a condition for fair train-test splits. Figure 3.4 and Figure 3.5 below show an example of
post declustering check, what training and testing data split looks like geographically and
statistically. The purpose is to ensure training and testing data are not accidentally selected
in a clustered geographical area because that could mean a biased sampling of data in similar
lithology or geological provenance. Statistically, we need to ensure the models are trained

and tested in all data ranges, and not undertrained or undertested in a certain data band.
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Y coordinate

Figure 3.4: Ilustration of geographical declustering check for the test and train data splits.
Blue crosses are the X-Y location of the training data set and red crosses are the X-Y location
of the blind testing data set. Longitude and Latitude information are anonymized and only

Declustering Check
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a subset of the data points are shown due to IP concerns.
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Generally, practitioners would like the test and train set displays a similar probability
density function across the measurement ranges and no testing data set is outside of training
data ranges. Figure 3.5 below shows the histogram of training and testing brittleness index

data.

Training set
Testing test

Occurrences

25 30 35 40 45 20 % 60
Brittleness

Figure 3.5: Illustration of data statistical distribution and declustering check for the test
and train data splits. Blue bars are the histogram of the training data set and red bars are
the histograms of the blind testing data set.

Depending on the application of the machine learning model, additional requirements
could be implemented if there are additional declustering concerns. For example, if the ge-
ology is relatively similar, declustering could require a certain separation of mineralogy or
burial depths. For our pilot study, there is enough data coverage and geology variance so

that geographical and statistical declustering was sufficient for an unbiased train-test data
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split.

Multipoint statistical checks are performed on the large data array during the EDA pro-
cess. Some example checks include valid data counts, mean, standard deviation, minimum,
maximum, P25, P50, P75, and the type of data. This helps practitioners to identify in-
consistencies and problematic data. Figure 3.6 below shows a summary of this check on
the final 7 features selected for the machine learning model after the iterative EDA process.
They are target variable Brittleness Index, Porosity from petrophysical logs (PHIT), illite
volume (Vol _Illite), calcite volume (Vol _Calcite), quartz volume (Vol _Quartz), average to-
tal organic carbon content (AveTOC), pyrolysis measured max temperature (TMAX), and

maximum burial depth (MaximumBurialFt).

Checks Brittleness PHIT  Vol_lllite  Vol_Calcite = MaximumBurialFt. AveTOC Vol_Quartz

Count 441 441 441 441 441 441 441 441
Mean 43.61 0.071 0.193 0.122 12720.39 2.36 452.11 0.574
Std. 4.56 0.012 0.036 0.031 948.92 1.35 3.96 0.05
Min 29.22 0.023 0.141 0.063 9551.72 0.57 442.98 0.418
25% 40.86 0.064 0.168 0.098 12116.88 1.33 449.84 0.556
50% 44.73 0.072 0.182 0.122 12776.07 2.22 451.62 0.585
75% 46.52 0.081 0.206 0.142 13434.09 3.05 454.71 0.608
Max 54.93 0.098 0.319 0.22 15632.03 7.55 465.2 0.667

Figure 3.6: 8-point statistical checks for selected features and target variable Brittleness
Index. These included total data count, mean, standard deviation, minimum value, 25%
percentile value, 50% percentile value, 75% percentile value, and maximum value of the data
sets.

Accompanied by the statistical checks are visualizations. This includes boxplots or violin
plots that help the practitioners to visualize data distribution and kurtosis. Figure 3.7 below
shows the violin chart of the 7 final selected features and the target variable - brittleness
index. In this plot, we can see that the white dots and envelopes resemble the data density
distribution. They are placed on a normalized vertical scale so they can be displayed side

by side. This illustration allows practitioners to quickly identify data issues such as their
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bimodal or multimodal nature. We can also get a hint on the general correlation or anti-
correlation of these features based on their shapes. For example, quartz volume showed a
similar shape to that of the porosity and appeared to be opposite in shape to the volume
of Illite. This visualization could highlight outliers and apparent correlations between fea-

tures selected. This is an effective screening tool for domain experts during the EDA process.
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Figure 3.7: Violin plots of the selected machine learning features and target variable, the
brittleness index. White dots are a random spread of input data.

Collinearity assessments are essential to maintain the balance of data science model in-
put. As the 2x2 multicollinearity correlation matrix shown in Figure 3.8 below, we observe
that Vol vQuartz to Brittleness Index, TMAX to MaximumBurialFt, MaximumBurialFt to
Brittleness Index, TMAX to Brittleness Index, AveTOC to Vol illite, Vol Quartz to Max-
imumBurialF't, Vol Quartz to TMAX are positively correlated as they show > 0.4 in Pear-
son correlation coefficient. Vol Quartz to Vol illite, Vol Calcite to PHIT, Vold Quartz to
AveTOC, TMAX to AveTOC, Vol Illite to Brittleness Index, AveTOC to Brittleness Index,

Vol Quartz to Vol Calcite, MaximumBurialF't to Vol Illite, and AveTOC to Maximum-

63



BurialFt are negatively correlated as they show < -0.4 in Pearson correlation coefficient.
Some of these relationships make physical sense such as the correlation between Vol Quartz
to Brittleness Index and Vol Illite to AveTOC because increased quartz content leads to
higher rock brittleness and higher total organic carbon content is largely associated with
shaley Illite rocks. Others may be just apparent or carry second-order correlations that may

require further investigation.
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Figure 3.8: Correlation matrix of selected model features during the collinearity assessment.
Positively correlated features are shared in orange and negatively correlated features are
shared in teal. Higher color saturation represents a higher correlation.

The multicollinearity correlation matrix provides useful information for domain experts to

ensure model parameters are selected with justifiable domain evidence during EDA and initial

64



feature selection. However, in addition to knowing feature cross-correlations, understanding
the feature importance in predicting brittleness in combined and isolated forms is needed.
Additional protocols for domain expert model quality control are described in more detail
in the result and discussion section of this thesis chapter that addresses this concern. In
particular, this pilot adopted tools such as feature importance score which look at the relative
and combined importance of the features in predicting brittleness in a machine-learning
model and the partial dependency analysis which looks at the impact of each feature on the

prediction of mean brittleness distribution in a machine-learning model.

3.4 Results and Discussion

A feature importance plot is a ranked-based plot that documents in relative terms, how
important each of the features used in the machine learning model contribute to the overall
model prediction of the target variable. The feature importance plot helps practitioners
to visually identify the most important model features that yielded significant influence in
the model’s predictions. This information can guide the decision-makers in deciding which
features to include and exclude. This is also done in tandem with collinearity assessment
and model performance evaluation during the feature engineering process. A good sign for a
stable model is that the feature incorporates data from different type of measurement sources
and location, and the importance ranking and relative importance remains relatively stable.
Error bars for each feature are sometimes overlaid when feature importance is run multiple

times while the order is still sorted by the main relative importance.

For the pilot presented, the brittleness prediction model is shown in Figure 3.9 below.
It is observed that temporal information-bearing data, in red boxes, such as rock pyrolysis
data, TOC, and maximum burial depth shared a significant amount of model contribution

in addition to mineralogical parameters such as Quartz volume. It is important to point
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out that these data are not typical data to be integrated into brittleness index calculations.
We demonstrate that the integrated basin model and geoanalytics system facilitated cross-
function data products and insights integration. And demonstrated for the first time, an
integrated workflow incorporating geochemistry and basin modeling insights in brittleness
analysis. This integration improves the model’s interpretability and reduces overall uncer-
tainties. The scope of the current study is limited to identifying the geological controls
for the Brittleness Index occurrences and meaningfully extrapolating away from well control
points. Future research could leverage learnings from this assessment in providing additional

data for brittleness index calculations.
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Figure 3.9: Feature important plot for selected machine learning features in predicting brit-
tleness index. Highlighted in red boxes are features from the integrated basin model, not
typically available for geomechanical property assessments. Error bars are illustrations of
probabilistic variations.

Feature importance analysis gives important insights, but it has limitations in identi-

fying issues due to correlated features, biases, nonlinear relationships, and often limited
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explanatory power. Additional protocols are required for domain experts to investigate and
validate the model parameters. To investigate and validate the features selected for the
brittleness prediction model, partial dependency assessments were performed|104]|. Partial
dependence plots (PDP) shown in Figure 3.10 below offers a visual representation of the re-
lationship between model features and to target variable, the brittleness index. PDP shows
how the predicted outcome changes as the feature value varies while holding other features
constant, allowing the practitioners to investigate the nature and direction of the correlating
relationships. PDP also allows the practitioner to identify nonlinear relationships visually.
Monotonic relationships are preferred in the explanatory power of the model[105], [106].
Non-monotonic relationships may indicate indirect relationships or multiple factors at play.
This gives the practitioners useful information to further peel back the model and data dur-
ing the feature engineering process. One most important advantage of the PDP is that it
allows domain expert feature validation. Domain experts are able to interrogate the model
and assess whether the model aligns with domain expectations. For example, in the machine
learning model, lower porosity (PHIT) is correlated with increased brittleness; higher quartz
content is associated with higher brittleness; higher maximum burial depth is also associated
with higher brittleness. Domain experts can use domain knowledge to gauge whether the
machine learning model bears relationships that are consistent with domain expectations.

This tool helps to reduce biases and collinearity-driven overfitting.

Another example of the validation outcome is that, in consistency with domain expec-
tation, the brittleness index data distribution is not correlative with the present-day burial
depth. This is because there has been a large degree of exhumation and erosion in the basin
of investigation. Present-day geometry no longer represents the diagenesis condition the
rock experienced. It may be the case for basins with limited structural alteration, however,
in the basin of interest, it is observed that the brittleness index data is correlative to the

maximum burial depth instead, which is only available post-structural restoration and model
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simulation. This observation gives additional confidence in the characterization of brittle-
ness distribution in the formation of interest in the study area at the same time validifies

the value of assessment through a holistic approach.
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Figure 3.10: Partial dependence plots of selected features for brittleness index. This is
an illustration of how the brittleness index changes when changing only one feature while
keeping other features constant.

Features finalized should demonstrate a stable partial dependency relationship to the
target variable. In addition to verifying the feature importance and the nature of fit against
expectations, additional insights are gained from the PDP. For example, it is interesting to
observe that there appears to be a sharp change in rock brittleness around 2% TOC value.

Additional investigation led to lithofacies interpretation and validated that different deposi-
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tional settings resulted in different types of rocks being deposited. It is also observed that
there appears to be a sharp change in brittleness at around 12000 feet of maximum burial
and around 445C of pyrolysis testing temperature. These observations could represent ge-
ological conditions in that hydrocarbon started to expel from kerogens and quartz cement
is starting to grow where chemistry allowed. Domain-driven relationships integrated assess-
ment and the capability to validate the statistical relationship gives additional confidence in
the data model. Diagnostic tools with a high level of transparency warrant domain experts’

interpretation integrity.

The blind testing dataset is used to validate the machine learning model. The differ-
ence between model prediction and blind test data is documented as modeling errors. Error
analysis is another important model QC protocol. Figure 3.11 below shows how we can use
error analysis effectively to help ensure robust machine learning models. The figure to the
left shows the scatter plot of machine learning predicted brittleness index value against the
raw blind test data. The blue line represents the model fit while the red line is the 1:1 line.
We observe that the model is not biased or skewed as the model fit aligns with the 1:1 line
closely. Uncertainties are shaded by the light blue shade. Data density is reflected by the

histogram to the top and the right of the left figure.

The figure in the middle denotes the absolute error between predicted brittleness index
values and raw blind test data. The unskewed model exhibits a normal error distribution
around “0”, which is represented by the dashed black line and histogram to the right of the
middle figure. An overly small error may indicate overfitting resulted by hyperparameter
tuning and feature engineering processes given the scale of investigation and uncertainties
embedded in the data. An overly large amount of error may indicate that the model qual-
ity is insufficient to explain all the data variations. This could mean the model is under-

constrained, the subsurface is mischaracterized, or more information or features are required.
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In addition to absolute errors, relative error as shown in the figure to the right, allows
us to investigate the model error distribution across different ranges of brittleness ranges.
This is important because a small amount of error on the absolute term may be extensive
in relative terms if the measured data is small. Relative error plots allow us to examine the
error distribution, in relation to the magnitude of data measurements, across all data ranges
so that the model is not biased or exhibit disuniformity in uncertainty distribution. This test
provides important feedback to feature engineering and machine learning iterations. Error
analysis is an important quality check and assurance step for a robust machine-learning-

based geoanalytical model.

- . N
Model fit Absolute error 100 Relative error
A .. B . B C
. \\
50
A o

w 45 -

H l . 3 25 .

£ / 3 . o . as e gl H . . s® o o L

: 3 | U . 200 [ g B3 ., .o

s, / : oo;t..,.w.n’.:%ﬂ."- R e .o:{:‘a,ﬂ.'.-. =
g

H [ & 025 %

= Model best fit " 075
— 1:1line

k) % » O < #“ % - ) % = « @< -“ % 4 0 k] % = « a2 + % 48 £
Predicted Brittleness Brittieness Britiheness

Figure 3.11: Ilustrations of modeling error analysis. A: model best fit versus 1:1 data fit line.
The red line is the 1:1 line and the blue line is the model fit. B: Absolute error distribution.
Histograms are shown at the top and right of the figure. C: Relative error distribution.
Histograms are shown at the top and right of the figure.

In addition to error analysis, multiple statistical tests and checks are performed to war-
rant a robust machine-learning model. There are some common metrics such as Pearson
correlation coefficient R and the coefficient of determination R2. Data scientists also often
check the performance of errors such as the normalized mean absolute error (NMAE), the

normalized root mean square error (NRMSE), the Kendall Tau-b rank correlation coefficient,
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the Spearman correlation coefficient, or their variants. Different tests may be more diagnos-
tic than others depending on the specific circumstances. Some metrics are more sensitive
to outliers while some are more tolerant because some methods are cardinal and some are
ordinal, or some methods may limit to linear relationships[106]-[109]. The goal here is not
to demonstrate an exhausted list of train-test quality check metrics but to highlight the
importance of checking more than one type of model train-test quality check metric. This
train-test model QC protocol shows how well the model performs predicting against the
training dataset and blind testing dataset. This gives information on the amount of data
scatter and how well the model utilizes the training set and how well the model is trained.
The process gives practitioners an opportunity to question the validity of the model and

results.

Figure 3.12 below indicates that the performance of the testing dataset is lower than
the scores for the training datasets. This is because first, there is some degree of data
scatter and uncertainties; second, there are compromises taken during feature engineering
and hyperparameter tuning process; and lastly, the machine learning model has never seen
the blind testing data. Ideally, the testing model performance can be as high as the train-

ing dataset. However, this is more achievable in high-fidelity data and data-rich applications.

As Figure 3.12 shows below, the train and test scores for all tests are satisfactory (greater
than 0.6) with the exception of the Kendall Tau-b test. This is because the Kendall Tau-b
test is very sensitive to outliers. This is identified by running this test multiple times while

investigating the training and testing data splits and statistical distribution.
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Figure 3.12: Spider diagram of statistical tests for the training and blind testing data set.
Blue lines are generated from testing scores for the training set. Red lines are generated

from the testing scores of the blind test set.

The model is considered final when all testing protocols are followed and thoroughly in-
vestigated. Before applying this data model to the entire area of interest to generate a grid
or data volume, high-level domain correlation checks are exercised as due diligence. In this
application, the features selected are consistent with the domain expectation that the deposi-
tional mineralogy and post-depositional mineralogical alteration are the main drivers for the
brittleness index observations. Data visualizations shown in Figure 3.13 below demonstrated

that the correlation of the brittleness index could be improved by considering maximum com-
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paction parameters in addition to considering the mineralogy calculations solely. Although
the mineralogy data measured present day may include alteration impacts such as quartz

and calcite growths, this additional information still gave the model new information for a

more inclusive and informed characterization.

lllite Content

Max Burial Depth

5
=

x
Y]
p=]
c |
v
vl
(]
c
a2
k=
'L
m

Figure 3.13: Visualization of the Brittleness Index calculations as a function of mineralogy
and maximum burial depths. The red color indicates high illite content. Smaller bubble size
indicates a lower maximum burial or an indication of a lower degree of diagenesis.

It is challenging to visualize higher dimensional machine learning model fits as there are
limits to human visualization and cognition. After applying the machine learning model
to the entire area of interest or data volume, the final machine learning-based geoanalytics

product is cross-plotted to visualize the improvement instead. Brittleness Index aerial dis-
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tribution while not shown here, is validated against other interpretations that are not used
as the machine learning model features for validation purposes. Figure 3.14 below shows the
final brittleness index geoanalytics modeling product using seven selected features previously

documented when applied to a formation of interest after thorough validation.
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Figure 3.14: Cross-plot of machine-learning geoanalytics model predicted brittleness index
and input brittleness index data for the entire dataset. Blue line is the 1:1 line.

It is observed that the brittleness index products are geologically pertinent and demon-

74



strate great characterization fidelity after validating against other independent basin inter-
pretations. Random training and testing split datasets may result in the slight skew of best
fit away from the 1:1 line in addition to a tendency to fit data best in the central quantiles or
mean using random forest, however. As a result, products sometimes may display narrower
ranges than actual measurements. Interval rescaling may be required to achieve a better

overall model fit for all data ranges.

This brings data extrapolation uncertainty into the picture. As Figure 3.15 shows, after
the data model is applied to the entire area of interest or data volume, the data distribution
of the area of interest or the data volume may be very different from the data distribution
of the data involved in the machine learning workflow. That is there may be values that
are outside of measured ranges for each of the features selected. These data are model ex-
trapolations, which means the model has never been “taught” what to expect for those data
ranges. This is because the data measurements may not be evenly sampled within the basin.
Denoted under a red bracket in Figure 3.15 below, there are some model outputs that are
beyond data ranges of training data set. This means the model is extrapolated to data the
model has never seen before. Practitioners need to be cognizant of those areas from each of
the input features and exclude them from the model output as necessary to minimize the

impact on model extrapolation uncertainty.
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Figure 3.15: Histogram of data ranges the model is trained for and what are actual data
ranges extracted from the digital basin model. The lime-green bars are data occurrences
for Quartz volume for intervals of interest in the entire area of interest. However, the
machine learning model only was trained to a smaller data range shaded by blue bars. Red
brackets illustrate the data ranges that the machine learning algorithm has never seen before.
Predictions in those data ranges are model extrapolations.

In summary, the machine learning process was successfully applied in geoanalytics. The
system of an integrated basin model and geoanalytics is agnostic in the type of analytical
relationships, which means it can be domain-driven analytical relationships, empirical rela-
tionships, or advanced data modeling methods. The system is also agnostic in the type of
machine learning methods, meaning it is not limited to Random Forest[31]|, Extreme Gradi-
ent Boosting (Xgboost)[110], or Neural Network[111]. The system provides a platform that

encourages practitioners to bring a balance between domain-based analytical relationships
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and statistic-based analytical relationships. The fidelity of modeling output hinges on this
delicate balance which is facilitated by processes and protocols designed for their purposes.
The system design allows domain experts to peel back every layer of embedded insights and
investigate each of the modeling processes to allow verification and validation that is other-

wise not possible.

The platform also impacts the sociotechnical aspect of a complex organization. Imple-
mentation is key for a successful digital transformation. Training employees in masses will be
much less efficient in bringing the system to the users. We will discuss the implementation

strategy and its impact on the sociotechnical system of a complex organization in Chapter

4.
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Chapter 4

Emergences, Uncertainties, and Future

Directions

4.1 Introduction

Value is benefit at cost. Delivering maximum value means delivering maximum benefit at
minimal cost[38|. Chapter 4 focuses on the benefit delivered by the value-creating functions
and the cost minimized through its form and implementation strategy. The proposed sys-
tem includes a set of components and the relationships among the components. Emergence
occurs when the functionality of the system is greater than the sum of the functionalities
of the individual components considered separately. Chapter 4 also details why the total
functionality is greater than the sum of the individual components for the system proposed

through a detailed discussion of emergence and “ilities” as the system operates.

A famous example of an emergent function is the emergent function of sand and a funnel
is timekeeping in the form of an hourglass. The value function is a very concentrated sum-
mary of the component and stakeholder analysis of the system. A successful enterprise-level

digital transformation would be challenging without an accompanying platform tailored to
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each of future strategies and ways of work. Below are a few emergent functions of the sub-

surface digital twin.

4.2 Emergent Functions

4.2.1 Cross-function data modeling products

Chapter 3 has demonstrated a successful cross-function pilot. Where with the help of a
digital basin model, basin-scaled data modeling exercises could be performed to meet busi-
ness needs. In addition to what was documented, using suitable model training and testing
protocols, cross-functional data can be made into property grids or information volumes. Ex-
panding on what was previously discussed, all the features selected for the machine learning
model documented in Chapter 3 were products of the digital basin model and geoanalytics.
These data modeling products through geoanalytics bear great geological pertinence. Min-
eralogical parameters are often correlative to the paleo-water depths with the exception of
during some erratic periods of transgressive stands. Geochemical parameters such as TMAX
and AveTOC were found to be correlative to thermal and pressure history and organofacies.
It is important to note that different basins, or even different stratigraphical units in the
same basin may exhibit different correlations to the same or different geological controls that
are unique to the system of interest. The subsurface digital model or the digital basin model

provides practitioners with a platform for cross-functional modeling work.

Other cross-function data modeling products such as more geochemistry, stratigraphy,
geomechanics, geophysics, and even production-related data could be generated through geo-
analytics. The more data modeling is done the more complete the subsurface digital model
becomes. Due to the reciprocal nature of the system components, the more cross-function

data modeling is done the better physics-based simulation results are expected.
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4.2.2 Multivariate optimization

Multivariate optimization applications or multi-attribute utility applications in decision the-
ory can be facilitated by this evergreen subsurface digital model that is maintained by a
cross-functional team. The subsurface digital model brings a rich suite of insights for decision-

malkers.

An example optimization problem could be to identify an ideal location or business plan
for a blue hydrogen project. Blue hydrogen is categorized as sustainable hydrogen genera-
tion through reforming, but instead of emitting the byproduct carbon dioxide, the CO2 is
captured and geologically sequestered|[112], [113]. A robust business plan for a blue hydrogen
plant at scale requires insights not only into market insights, costs and rights for land and
facilities, and proximity to existing infrastructures, but it is also ideal to be optimized with
subsurface insights. These subsurface parameters could include the availability and quality
of hydrocarbon, CO2 sequestration reservoir availability and storage potential, and reservoir
storage and contamination risks. If there is a hydrogen storage requirement, subsurface stor-
age could become a viable option compared to surface options. The same concept can be
applied to carbon sequestration projects or any other investment decisions. The subsurface
digital model should be populated with relevant properties through physics-based simula-
tion and geoanalytical data modeling under one system. The presence of a subsurface digital
model would bring more options to decision-makers. This also ties back to the enterprise
digital twin concept illustrated as the LO system architecture diagram (Figure 2.3 discussed
in Chapter 2, where an evergreen information system is in place for subsurface and surface

insights. This leads to the next emergent properties documented below.
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4.2.3 Real-time visualization and decision making

Smart visualization approaches can be implemented on top of the subsurface digital model.
As Figure 5 shows above, visualization resides on the top layer - the Decision and Interac-
tion Layer. The Decision and Interaction Layer operates on a structured information volume,
which is the outcome of the subsurface digital model or digital twin. This architecture is ad-
vantageous because it avoids complex interface interactions with different software vendors.
This evergreen subsurface information volume keeps a record of the most recent and most
informed subsurface parameters and allows real-time data query, analysis, visualization, and

reporting.

Commercial companies from various industries practice data trade and data-sharing ses-
sions on a regular basis with partners and consortiums. When subsurface understanding is
required, it is valuable to know the quality and geological fidelity of data presented during
those data evaluation sessions. In addition to that, due to the reciprocal nature of the sys-
tem, it is important to know what data the subsurface digital model is lacking and how the
acquisition of a new data type can help improve the subsurface digital model. Acquiring
data that will improve the subsurface digital model would bear additional value because the
improved model would inform decisions for all applications across the enterprise instead of

only serving the occasion and only for a specific project team.

4.2.4 Cross-function collaboration

Companies that identify the importance of human capital put forth policies and processes
that would promote an improved employee experience and overall employee well-being. A
successful organization often recognizes that humans are at the center of the enterprise and

emphasize their needs, capabilities, and experiences while meeting the expectations of share-
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holders or a healthy bottom line. This is in line with Industry 5.0 — human-centric enterprise
design expectations where work is more integrated and at the same time more personalized.
The platform proposed facilitates collaboration, integration, personalization, and co-creation.
In other words, this meets society’s expectations and demands for the energy industry, the

evolving relationship between humans and machines, and the ways of organizing work.

The examples documented in this thesis demonstrated how cross-function subject matter
experts are able to share data and insights across functional teams effectively. The system
utility does not end here. The system also facilitates conversation across the value chain in a
business unit, enabling regional teams to connect findings from field geologists and engineers.
Teams from similar geological conditions or play types as well as teams from different asset

classes could all share learns and workflows openly and securely.

4.2.5 Performance improvement

Enterprise performance is a determent factor for corporate competitiveness. Must win tech-
nologies should help us to attain better products quicker. The proposed system allows
decisions to be made holistically leveraged by cross-functional integration. At the same time
ensuring better product fidelity, cycle time could also be significantly reduced due to re-
duced rework and recycled material. The cycle time for an exploration decision spans years
to decades, in which subsurface characterization takes up a large chunk of that time de-
pending on the complexity and the pace of new data acquisition. Metaphorically speaking,
instead of taking multiple “photographs” of an object or multiple “photographs” of different
parts of an object without context trying to piece them together and make sense of it, the
system promotes a new mindset of being agile. In other words, the insight comes initially
from a “blurry photograph.” It works toward partial clarity with new data and models in

reaching an ever-better understanding of the subsurface. All insights and lessons learned are
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shared and accumulated with time. At the end state, what is maintained is a multi-resolution
“photograph” that has higher resolution where data and interpretation permit. All simula-
tion and data modeling follow the same underlying geological assumptions and a coherent
geological story. This holistic approach|114] provides us with an alternative to “the blind
men and the elephant” approach in reaching the best approximation to the “truth” quicker.

It is recommended that an evergreen subsurface digital model is maintained for every basin.

4.2.6 Cost reduction

Delivering maximum value means delivering maximum benefit at minimal cost. In addition
to the cost reduction from improved efficiency and performance, the platform also helps
reduce data acquisition and maintenance costs. Data acquisitions and management can be
costly for projects. It is a known issue that companies may incur costs in acquiring the
same data or different vintage of the same data multiple times with poor data management
strategies. This is more pronounced when there are internal organizational barriers and silos
where data and insights are often not shared or managed systematically. The subsurface dig-

ital model and the supporting data foundational layer could effectively minimize this waste.

There have also been high costs associated with maintenance and rework. Multiple vin-
tages of data and different project teams resulted from multiple versions of interpretations.
These reworks could be eliminated when a centralized repository is in place for all. In some
extreme cases, internal inconsistencies and conflicting information have been reported. This
often causes more rework and delays in a decision. There may be capital costs to the con-
struction of a subsurface digital model or digital twin at first, however, in the long run,

significant savings can be realized.

83



4.3 Ilities

Ilities are systems attributes that emerge as systems operate. Crawley et al.[38] documented
15 “Ilities,” or system attributes related to its implementation and operations compiled over
time by tracking mentions in journal articles from the year 1884. These include Quality,
Reliability, Safety, Flexibility, Robustness, Durability, Scalability, Adaptability, Usability,

Interoperability, Sustainability, Maintainability, Testability, Modularity, and Resilience[115].

While various "ilities" are relevant and crucial in architectural design, the presence of a
single "ility" alone is not enough to define the system’s architectural uniqueness. The dis-
tinctiveness of an architectural project arises from the careful consideration and combination
of multiple design elements and features as we documented previously. In addition to that,
not every quality or characteristic of the system is unique or exceptional enough to set it
apart from other systems. Some "ilities" may be common or shared among many digital
systems and may not significantly contribute to the uniqueness or distinctiveness of a partic-
ular architectural design. Even if a certain quality or characteristic is considered valuable or
important in this architecture, it doesn’t guarantee that it will always make the system archi-
tecturally distinctive. Different subsurface digital systems might prioritize different "ilities"
based on their specific needs and geological characteristics, and the combination of multiple

factors contributes to the overall architectural identity of a digital subsurface system.

“Ilities” are also often interconnected|38|. In the context of the system architecture of
the subsurface digital twin, higher flexibility also leads to higher usability and ultimately,
product quality. Three selected system “ilities” are highlighted below in addition to improved

quality that is worth mentioning.
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4.3.1 Adaptability

One design objective of the subsurface digital twin is to have a high degree of adaptability.
This is to be achieved on two fronts. The first is to be globally inclusive. Global inclusivity
means the system should have a great format and error tolerance. Specifically, the system
should be able to take in data and insights at all common formats as input. This allows
practitioners to focus on developing the model instead of worrying about data formats from
different software vendors. There are many reasons for this. There are different data stan-
dards currently, and many are pioneered by current software vendors. These resulting output
files are problematic to be used directly by tools outside of the recommended operating en-
vironment or specific software suites. In order to integrate insights from different software
vendors, exporting model output to an open-source or open-domain file format is required.
There could also be some resampling and approximation done due to possible different grid
resolutions, different grid origins, different definitions of the location of extraction of a grid
cell, or different types of grid meshes. This often happens, especially when operations and
geoanalytics are required to operate on outputs from software vendors who use triangular or
tetrahedral meshes and vendors who use rectangular and cubic meshes. Additional reasons
could be as simple as saving, exporting, georeferencing, and coordinate system transforma-
tion. This is important because the architectural design of the file system has to recognize
all the specific use cases to avoid undesired system emergence or emergency. The system
has to be designed in a way where the negative impacts of the capability of integrating all
inputs and being globally inclusive are minimized. This calls for the design to be brought to
the user, preventing users from deviating from the original data due to repeated operations

from the design level.

The second aspect of adaptability is to have the capability to leverage this system to

address questions in a wide range of use cases or geological conditions. This system should
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be applicable not only in regions with different data densities but also has to be translatable
in other asset classes or geological conditions. The subsurface digital twin is designed to
be inclusive and data-type agnostic. This means that in data-dense plays such as mature
development areas in unconventional plays, higher-resolution data types such as petrophys-
ical logs, rock cuttings, and cores can be used to help generate higher-resolution insights.
In the data-poor frontier exploration areas, the digital basin model can be constructed with
coarser resolution data types. All other plays should be in between these two boundary con-
ditions and adopt a hybrid approach in the construction of the digital basin model. Modeling

insights should be provided in a format accepted by all and with a minimal level of alteration.

4.3.2 Maintainability

Currently, physics-based models such as the basin models and earth models are maintained
by domain experts or their responsible teams. Documentation of all the models constructed
is typically insufficient in capturing all the modeling assumptions and limitations. Although
many of the models and outputs are maintained, it is often the case that data and models
are recycled and reworked when there are organizational changes to the project team. This
leads to increased costs in the form of investment and time. The subsurface digital model
harnesses the collective wisdom of a team of domain experts. This reduces the impact of

any disruption related to maintaining the understanding of the subsurface.

Maintenance may also have dependencies such as the file format and support from exter-
nal software vendors. Although it may appear to be the best thing to do at the moment, this
is not a long-term maintenance solution to preserve a large sum of models. An unquantifiable
amount of value could be lost when models can no longer be maintained due to software
and hardware changes. Instead of managing hundreds of models individually, an evergreen

subsurface digital model provides the most recent interpretation and understanding of the
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subsurface. The maintenance complexity would be greatly reduced if the subsurface digital

model is the sole objective of maintenance.

Adopting the digital twin and an agile approach also provide benefits in providing data-
driven maintenance decisions. The subsurface digital twin provides a wealth of data about
the system’s behavior and performance. This data-driven approach empowers maintenance
personnel to make informed decisions based on actual data, leading to more effective mainte-
nance strategies and resource allocation. In addition to that, the digital twin can also store
historical data about the system’s operation, maintenance activities, and performance over
time. Practitioners can access past records and learn from previous experiences, avoiding

repeated mistakes.

Agile implementation of the subsurface digital twin also advocates simplicity and avoids
unnecessary complexity. By focusing on delivering the minimum viable product and iter-
ating based on feedback, teams are less likely to introduce over-engineered and convoluted

solutions. This streamlined approach enhances maintainability.

4.3.3 Resilience

This architecture is advantageous because it avoids complex and sometimes complicated in-
terface interactions among different software vendors. The proposed architecture simplifies
the decision and interaction layer to a single interface which is maintained internally. This
reduces implementation risks and maintenance risks. The subsurface digital twin also facil-
itates the agile implementation of project works. By focusing on delivering the minimum
viable product and iterating based on feedback, teams are less likely to introduce over-
engineered and convoluted solutions. Projects are thereby completed in a shorter timeline

with the right amount of details with improved fidelity. The integration of physics-based
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simulation also allows practitioners to explore the potential impacts of different events and
actions on the system. This proactive approach helps to improve resilience by facilitating the

development of effective contingency plans, supply chain planning, and optimizing responses.

The digital twin also improves financial resilience by improving reservoir performance
and safety. Through continuous monitoring and analysis, inefficiencies and suboptimal per-
formance in the physical system are identified. By making data-driven adjustments and
optimizations, the system’s overall performance and efficiency can be enhanced. Improved
reservoir management in the form of improved expected ultimate recovery (EUR) and im-
proved carbon geological storage capacity and long-term storage integrity are two examples.

Different performance metrics can be optimized under the proposed platform.

The digital twin improves resilience through continuous learning and improvement. In-
sights gained along the way are not lost, the data collected by the digital twin can be used to
learn from past events and performances. Lessons learned are incorporated into system im-
provements, leading to a continuous learning cycle like through the digital basin model and
geoanalytics. As the system evolves and becomes more adaptive, the frequency of learning
may be reduced, or the focus may shift through the lifecycle of subsurface assets. This will
also help in resource optimizing the allocation and identifying potential areas for redundancy
within the system. By understanding resource demands and bottlenecks, the system can be

designed and operated with a more robust and resilient configuration.

4.4 Future Steps

There are a few important tasks we opted out from detailing in the previous chapters. These

topics are summarized in the Future Steps section in Chapter 4 where they are discussed in
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more detail. These include the uncertainties associated with this subsurface digital reposi-
tory or the subsurface digital model, evolution from digital model to digital twin, roadblocks
and limitations of physics-based simulation, the continuation of expanding the cross-function
integration with an open-source omni-resolution gridding formats, and predictive digital twin

maintenance and modeling research.

4.4.1 Incorporation of uncertainties

There are many types of uncertainties associated with the integrated bottom-up simulation
and top-down data modeling system. Some examples are data input uncertainty, geological
interpretation and interpretability uncertainty, numerical uncertainty, sampling bias and un-
certainty, boundary condition uncertainty, time and scale uncertainty, data density bias and
uncertainty, interpolation uncertainty, extrapolation uncertainty, geostatistical parameter
uncertainty, model structure uncertainty, parameter estimation uncertainty, model selection
uncertainty, machine learning data split uncertainty, overfitting and underfitting uncertainty,
and prediction confidence uncertainty. What is certain is that there are a lot of uncertainties,
perhaps even the uncertainties are uncertain. They are all more or less impacting the overall
outcome of the process, the process needs to avoid the accumulation of uncertainties in the
final product. The system facilitates the reduction in uncertainty by integrating data from
other disciplines and modeling higher-level geological controls such as establishing geological
frameworks and the construction of a basin model before diving into high-frequency data.
To better analyze and document these uncertainties, they can be first categorized into three
groups: Input uncertainty, modeling augmented uncertainty, and interpolation and extrap-

olation uncertainty.

Input uncertainty is widely speaking about the variation of raw input data, these often

contain outliers, inherit problems with data sources, measurement errors, and sample col-
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lection biases. Data engineering and domain expert data investigation is often done. The
subsurface digital model provides a platform for data QC to be completed in higher dimen-
sions with data and insights from other disciplines. Data through system integration is the
most effective way to reduce data input uncertainty. Raw input data that does not agree with
a geological story backed by the majority of cross-disciplinary datasets are flagged and eval-
uated. Some of these processes could be proceduralized and automated or semi-automated
by domain experts. Problematic data could be repaired or quarantined for improved data
source quality or request for verification. Modeling and augmented uncertainty refers to all
the uncertainties that are associated with the modeling process, some are due to the limita-
tion of analytical or numerical solutions while some are due to human choices. These can be
related to the process model, domain expectation, analog selection, experience, assumptions,

interpretation, and numerical and analytical model selection.

This process is where uncertainties could multiply and get out of hand if left unchecked
as the second half of Figure 12 shows above. An example is that instead of simulating hy-
drocarbon generation, migration, and saturation directly, input parameters such as original
total organic carbon content, original hydrogen index, source rock thickness, and thermal
maturity could be improved from the data modeling process. Currently, hydrocarbon sat-
uration estimation is heavily based on the migration of hydrocarbon, and the migration of
hydrocarbon is based on the generation and expulsion of hydrocarbon out of the source rock.
Uncertainties related to source rock richness, availability, and maturity are rolled up into
uncertainties of hydrocarbon migration related uncertainties such as lithofacies and struc-

tural restoration.

Each of these processes is based on a set of assumptions and analog models and therefore

bears a large amount of uncertainties. In addition to that, all these uncertainties are then

exacerbated by the seal, reservoir, geometry, and charge timing relationships because if the
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hydrocarbon generation predates the formation of the reservoir, geometry, and reservoir seal,
the expelled hydrocarbon will be retained in the petroleum system without special hydro-
carbon retention mechanisms such as hoteling or late structure development|4], [116]. As a

result, the cumulative uncertainties in volume assessment can span a few orders of magnitude.

Combined data modeling and simulation help to reduce this uncertainty. Before sim-
ulating an outcome, the geological model and assumptions are refined through rounds of
geoanalytics. These iterations of the data modeling process provide a better most likely
case for input parameters for the simulation. This iterative process limits the possible range
of uncertainties introduced by augmented uncertainties of human decisions and numerical
models. It is more practical in data-rich systems because some data modeling approaches
such as machine learning and inverse regression require target variables to be fed into the

model.

Interpolation and extrapolation uncertainties are mainly reflected in two categories. One
is the estimation/approximation of values away from data control on a 2D grid or a 3D
volume. Simply put, this is how to populate data points into a 2D grid or a 3D volume.
Depending on the gridding algorithms used there may be multiple ways to populate the data
space. Some examples can be numerical approaches such as inverse distance and seed-based
gridding and geostatistical approaches such as kriging. The interpolation and extrapolation
uncertainties are huge with this approach, especially in the occasion where data are not as
dense or are not evenly distributed geographically. Most of these approaches are bullseye
prone without further processing procedures while incapable of extending away from edge
data. Simulations, operations, and decisions made based on this information are therefore

inheriting a large amount of uncertainty that is purely based on the algorithm used.

Geoanalytics facilitated by a digital basin model as Figure 7 shows above provide a higher
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dimension geological story to guide the interpolation and extrapolation of these properties.
Therefore minimizing the algorithm-generated interpolation and extrapolation uncertainty.
The second type of interpolation and extrapolation uncertainty refers to the interpolation
and extrapolation of model fits or analytical relationships. Interpolation on a data model
is due to a lack of data measurements in certain data ranges, but they are guided by an-
alytical solutions or multiple relationships. The extrapolation on a data model means the
extension of curve fitting beyond data measurement and calibration. Because there are no
data measurements in those areas, practitioners have to be careful in maintaining geologi-
cal pertinence in those data ranges because most of the analytical relationships established

have a finite range of applicability where the same geological and physical controls are at play.

The subsurface digital model brings cross-disciplinary data into the analytical space for
practitioners to find better model fits, potentially improve model fit, fill the interpolatable
model ranges, and identify the boundary for data model extrapolation as Figure 10 and Fig-
ure 24 show in previous chapters. The subsurface digital model also facilitates using physics
such as the relationship among pressure, volume, and temperature (PVT) to limit extrapo-
lation ranges. These processes reduce uncertainties related to data model interpolation and

extrapolating.

Although the uncertainties of the subsurface digital model could be reduced through
continuous iterations of simulation and data modeling cycles, additional work is required to
document a realistic range of uncertainties related to each property stored in the subsurface
digital model. Different properties are composed with and are a simulation result or a data
modeling product of different constituting input data. There are different data quality and
data density among different datasets. Some are modeled based on a model while some
are using input data directly. For these reasons a uniform uncertainty on all data types is

unrealistic. Due to the variation in geographical distribution of a dataset, there could be
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lower uncertainty in certain regions compared to others.

A uniform uncertainty distribution on every property grid cell is also not a realistic solu-
tion. For this reason, in addition to the most likely value in each of the grid nodes stored in
the subsurface digital model, a P10 and P90 value should be modeled and reported as well.
P10 and P90 attributes should differ from one property to another based on data availability,
convolution of models, data quality, and analytical model fit metrics. Within each P10 and
P90 attribute volume, uncertainty ranges on different locations should be different as well.
Procedures should be established on how these P10 and P90 properties are modeled and
reported. Although it is advantageous to include more intermediate simulation and data
modeling realizations in the subsurface digital model, it may not be as practical considering
the storage space, data transmission, visualization, and decision requirements. This echoes
the principle of not over-engineering a system. This could change when computation and

data transmission speed improve in the future, however.

4.4.2 Pseudo/surrogate simulation modeling

Another reason preventing a probabilistic subsurface digital model from being a practical
solution is the computation resource requirement for physics-based simulations. Computer
clusters and cloud computing are currently used for simulations. Even with the advancement
in chip technology and centralized computation architecture, the computational cost asso-
ciated with simulation in terms of CPU/GPU time is still high. Trade-offs are often made
by using lower resolution models, more simulation cores, and waiting for a longer simulation
time. A typical basin model or earth model could take days to simulate with clusters while
the same tasks could take up months on a local workstation[4], [117]. Institutions operated
under capital constraints may have less access to High Performance Computing (HPC) which

may fall further behind in research and innovation.

93



A paradigm shift could be constructing a pseudo-model that does not require a significant
amount of simulation time to produce products with a tolerable range of uncertainties. A
pseudo-model here refers to a geoanalytical model or a data model coupled with a subsurface
digital model that takes in the simulation outputs, inputs, and boundary conditions as input
and produces optimized conditions for modeling outputs. This could achieve instant model
calibrations, suggest alternative boundary conditions and geological models, and generate
numerous simulation outputs within a short period of time. With protocols established, the
output uncertainty from the pseudo-modeling process could be managed. This would be a

step toward realizing the probabilistic model simulation ambition.

One example of the construction of a pseudo-model construction is through a collabora-
tion with Professor Ruben Juanes at MIT. Recent experiment data has shown encouraging
simulation possibilities in the simulation the CO2 migration and storage[34|. A pseudo-
model or surrogate model could drastically improve the simulation time for deterministic
simulation runs. The validating experiment is to use information collected from the existing
laboratory porous medium setup, using a data science model to solve for CO2 migration and
saturation. Figure 4.1 below shows how the data science model is designed using a similar

combined physics system — geoanalytical approach documented in Chapter 3.
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Figure 4.1: High-level data science modeling design to approximate simulated saturation.
This will result in a machine learning model acting as a pseudo/surrogate simulation model.
The image of the experimental setup and simulation results are taken from the source pub-
lication|32], [33].

The idea is to use additional information such as a high-resolution image of the exper-
imental setup, facies description, gravity drive, flow boundaries, and geometry, in addition
to simulated properties such as porosity, wettability, capillary entry pressure, pore pressure,
permeability, and rate diffusion to estimate a flow and saturation profile of CO2 post-injection
at a given injection rate and duration. High-resolution images may bring additional informa-
tion such as packing, grain size distribution, and minor heterogeneities in the rock grains that
may not be otherwise unavailable for a detailed physics model. Flow breakthroughs could
be interfered with by these phenomena left uncharacterized resulting in a large amount of
uncertainty in an under-detailed model. The digital data is first subsampled to a man-
ageable matrix size, this could be 20000 evenly extracted data points (200 x 100) from the
high-resolution image and physical model or less for example. Both experimental results and

model position information are fed into the machine learning model for training. Accepted
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pseudo-models are used to generate a series of simulation outputs. Learnings are used to
improve the physical model to generate better inputs for the machine learning models. After
some iteration, a pertinent data science surrogate model may be considered satisfactory and
may be validated by a new set of experiment data using the same or a new porous medium.
The approach itself is machine-learning language and method agnostic, general statistical

guardrails should be implemented during the process as some examples show in Chapter 3.

The process is repeated for different timesteps because there may be different physical
controls at different stages of injection. For example, initially, injection rate and advection
due to pressure change may be the primary control on fluid flow and saturation. With the
flow away from the injection location, gravity and buoyancy may start to dominate the ef-
fect on the saturation pattern. Diffusion may become important given saturation some time
away from the injection location. Lumping all the physical effects in one data science model
may result in difficulties in model diagnostics and repeatability. Multiple stages would give
domain experts better tools to investigate the data science model based on domain knowl-
edge. Figure 4.2 below shows a rough sketch of what the proposed multi-step data science
model process looks like. Each time step would yield multiple accepted data science models

and simulation outputs like the ones shown in Figure 4.1 above.
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Figure 4.2: High-level data science modeling design to approximate simulated saturation
in all time steps. This will result in machine learning models acting as pseudo/surrogate
simulation models for all time steps. The image of the experimental setup and simulation
results are taken from the source publication|32], [33].

The outcome of this experiment may be unsatisfactory because the data science exper-
iment is done after the design of the physical laboratory-scaled experiment. There is no
longer an option to acquire additional digital information such as to image the system using
different technologies such as fluorescence and X-Ray. The data science model requires a
lot of data and is heavily dependent on the quality of input information. If we were to de-

sign a laboratory-scaled experiment to facilitate surrogate model construction, a new porous
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media fluid flow experiment could be designed to gather more digital information upfront.
A multi-permeability column or panel could be first prepared, and digital data of the sys-
tem saturated with different control fluids at different mixes are collected using different
wavelengths of electromagnetic waves such as high-resolution imagery, fluorescence, CT, and
MRI scans|118]-[122]. This can be done in combination with tracer flow tests to improve
characterization|123]-[125]. This high-resolution digital information could be upscaled and
modeled to reflect bulk porosity, pore throat size distribution, and permeability leading to
a satisfactory prediction of target fluid saturation in combination with parameters from a
physical model simulation. This coupled system reduces simulation time while keeping un-

certainties at an acceptable range, which is the goal of the experiment.

Some may argue the necessity of this experiment and the problems of advancing this
to the field test even if the lab tests are successful because we will not be able to collect
these EM wave-generated data for the subsurface. It would nevertheless provide some the-
oretical support for the data science approach in predicting fluid flow and saturation. In
subsurface characterization, sound waves are typically used. Sound waves generate images
at a coarser resolution, but the concept is the same. Subsurface fluid flow and saturation
could be enhanced and simulation time could be significantly reduced by integrating seismic
data into the physical model simulation. At the same time, it may provide support for other
simulation challenges such as reactive transport modeling when chemical reactions present

risks to subsurface reservoir performance and integrity.

The coupled physics-based system and geoanalytics under the proposed system is an ideal
platform to facilitate this needle shifter, it would also improve the fidelity of the pseudo-
model and reduce uncertainty as iteration continues. The subsurface digital model can be
viewed as an MVP for the subsurface digital twin. As Figure 8 shows above, when feedback

loops between the physical system and the digital system are maintained bidirectionally, a
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subsurface digital model becomes the subsurface digital twin.

4.4.3 Omni-resolution data architecture

Another requirement for an evergreen subsurface digital model is to be inclusive and widely
applicable. This means inputs and outputs at all resolutions. There are multiple ways to
design and realize data structure for the Aggregated Information Layer as Figure 5 shows
above. For our system, a multiple dimension data storage format should be established with
data access speed and visualization as its primary requirement. To reduce external barriers,
an industry standard for a multi-resolution subsurface model should be established among
all stakeholders. Figure 4.3 below shows an example of multiple-resolution grids during vi-

sualization in a top-down 2D view and in a 3D Birds Eye View of example geobodies.

Figure 4.3: 2D and 3D illustration of omni-resolution data grids and volume. A: 2D visu-
alization of a multi-resolution grid (2 resolutions). B: 3D visualization of a multi-resolution
data volume (2 resolutions).
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4.4.4 Predictive maintenance and prescriptive modeling research

With the advancement in the subsurface digital model and digital twin implementation,
additional research in the use case is necessary. This includes developing new workflows
and tools to operate on the data architecture of the Aggregated Information Layer. Some
examples are developing a digital robot to help improve model conditions by fixing spikes
and errors, filling holes and gaps, and looking for patterns and analog information. These
would generate recommendations that are feedback to Model Engagement Layer and Data
Foundation Layer. Parts of the upkeeping and updates could also become automated as
domain experts generate and feed new insights to the Aggregated Information Layer from

the Model Engagement Layer.

Research on prescriptive workflows on the Model Engagement Layer and the Aggregated
Information Layer is also essential. This shifts us from making predictions to being inquis-
itive and understanding what happens if something changes. Additional values would be
unlocked beyond predictive toward preventative and prescriptive actions. Data acquisition

and system maintenance would occur more proactively leading to improved resilience.

In conclusion, the proposed subsurface digital twin is a strategic investment decision.
Emerging properties such as cross-functional integration, value chain optimization, real-time
decision-making, and uncertainty and risk reduction allow us to do things better and quicker.
This type of decision is usually more costly and may take a longer time, but breaking the
construction of such a system into multiple milestones MVPs through an agile approach
allows operations to take advantage of integration at an earlier time. A subsurface digital
model provides a platform for minimizing technical and sociotechnical challenges we face in
digital transformation and the expectations placed by society and the industry. It is recom-

mended to construct and maintain a subsurface digital model in every geological region of
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interest.
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