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Abstract

Carbon Capture and Storage (CCS) is an attractive emerging method to mitigate and
slow down greenhouse gases emission. In this vein, carbon storage in deep saline
aquifers is touted as the most suitable site because it is identified as the largest storage
capacity. However, the construction of realistic 3D geological models for this storage
formation is a significant issue. The lack of subsurface datasets in these storage sites is
an obstacle to build a realistic model. Also, injection strategies are strongly influenced
by CO. sequestration efficiency. The water alternating gas (WAG) process isa common
technique to improve sweep efficiency in EOR projects. This process could be a
promising technique in the CCS aspect. Besides, the modelling and numerical
simulation are useful tools to evaluate the reasonable 3D models and effective injection
technique. However, geological uncertainties (e.g., porosity and permeability

distributions) are crucial factors for modelling and reservoir simulation results.

Therefore, this study was proposed a systematic workflow to integrate 3D modelling,
reservoir simulation, and geological uncertainties. The new modelling framework was
developed with available subsurface data. This framework could enhance the accuracy
of 3D porosity and permeability models. Also, the robust optimization approach was
implemented to improve CO: trapping using the WAG process under geological
uncertainties. Ultimately, the systematic workflow could increase the 90% amount of

CO: injection stored in the storage site.
This dissertation composes of six chapters as follows:

Chapter 1 presents the research motivation, background, and objectives, as well as the
outline of the dissertation. Furthermore, this chapter introduces previous studies on

Artificial Neural Networks, Geostatistical modelling, Water Alternating Gas process.



Chapter 2 describes the literature review of CO> sequestration modelling, geological
uncertainties, optimization under geological uncertainty, and study area. Detail
information on geological modelling and reservoir simulation of CO> sequestration was
provided in this chapter. The critical role of geological risk was highlighted, focusing
on geological CO. sequestration. Also, robust optimization under geological
uncertainties was introduced based on previous studies. Furthermore, the study area
was presented for a better understanding of the characteristic of fluvial sandstone
reservoirs in Cuu Long Basin, Vietnam. Ultimately, the available data is introduced for
a better understanding of subsurface pieces of information to conduct the modelling

and simulation studies.

Chapter 3 describes the development of an integrated geological modelling workflow.
Adopting the object-based modelling, Sequential Gaussian Simulation, and Atrtificial
Neural Network (ANN), a new modelling workflow named fiencapsulated frameworko
was developed to construct the reasonable 3D porosity and permeability models in Nam
Vang field. The advantages, methodology of the encapsulated framework build the
models, as well as the comparison with traditional framework, were presented in this
chapter. Petrel package was employed as the object-based method to construct the
lithofacies models. Also, Sequential Gaussian Simulation was adapted to rank the
lithofacies distribution. Then, Artificial Neural Networks was predicted the
petrophysical models using seismic attributes and well log measurement. To integrating
the ranking lithofacies and ANN models, the co-kriging was used to distribute the final
porosity and permeability models. Also, conventional models were constructed for
comparison purposes. Finally, the ECLIPSE simulator was performed the Drill Stem
Test matching to evaluate the accuracy between the new and traditional models. The

results of history matching indicated that the developed porosity and permeability



models are better for future field development plan as well as the CO> sequestration

assessment.

Chapter 4 discusses the simulation workflow and results of CO> sequestration in a
fluvial sandstone reservoir. The defining problems are the first step of reservoir
simulation work. Then, the dynamic datasets were collected to import in the simulator.
Besides, this chapter was conducted several simulation scenarios to evaluate the impact
of geological factors and injection strategies for CO sequestration. The sensitivity
analysis was performed to determine the suitable injection rate for the project. This
injection rate used throughout the work for consistent simulation results. The channel
distribution and anisotropy were changed to investigate the CO, plume migration in a
fluvial sandstone reservoir. Also, the injection strategies comprise continuously, and
WAG injection was compared to determine the effective injection methods for further
studies. The simulation results indicated that WAG technology was enhanced the
solubility and residual trapping when comparing with continuous CO: injection. This
increase was due to the migration of CO: after injection caused by drainage and
imbibition processes in porous media. Therefore, the WAG technique was suggested

for optimization studies.

Chapter 5 describes the optimization framework of CO2 sequestration using the Water
Alternating Gas process under geological uncertainties. A robust optimization
workflow was used to determine the optimal cycle length of water and gas injection
under geological uncertainties. A total of 200 geological realizations of the 3D porosity,
horizontal and vertical permeability distributions were generated to consider the
geological constraints. The first step of this workflow is to rank all realizations by
quantifying CO. cumulative injection to select P10, P50, and P90 that represent the

overall uncertainty of a reservoir. The WAG process was evaluated using CMG-GEM



compositional reservoir simulation software. The experimental design created 250
simulation jobs, including the cycle length and geological uncertainty parameters. Then,
the generated jobs were assessed using the compositional reservoir simulator to
calculate the CO2 storage amounts by the end of 20 years-injection followings by 40
post-injection years. Subsequently, the robust optimization procedure was applied to
determine the true optimal solution of the high CO: trapping by considering the
geological uncertainties in porosity, permeability, and anisotropy models. The nominal
optimization based on a single realization was conducted for comparison. The proposed
robust optimization workflow under geological uncertainties resulted in higher CO>
trapping than the nominal realization optimization. This study suggested a fast and
reliable robust optimization workflow that can represent the uncertainties of the main
parameters, including petrophysical properties, geology, and economic factor, for CO-
sequestration

Chapter 6 summarizes the conclusions of the findings of this research, including the

recommendations and the possibility of a future project.
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CHAPTER 1

INTRODUCTION

1. 1. Research Motivation

Reduction in global climate change is an emergency issue for our society. Due to industrial
activities, the concentration of COz is rising in the atmosphere every year. Thus, Carbon
dioxide (CO.) capture and storage (CCS) is a potential solution to reduce the amount of
CO2 emission in the earthds atmosphere. CO> could store in different storage candidates,
including deep saline aquifers, unminable coal seams, depleted petroleum reservoirs, and
depleted unconventional reservoirs (Figure 1.1) (Bachu, 2002; Jin et al., 2017). Among
these candidates, the deep saline aquifers have the largest storage capacity (Lackner, 2003).
However, the economic and environmental aspects related to CO> storage in saline aquifers
need to consider before industrial-scale CO- storage can occur (Bruant et al., 2002; IPCC,
2005). Thus, this study will emphasize the fundamental assessment of saline aquifers.

In deep saline aquifers, the diversity of physicochemical processes is affected by CO:
trapping and storage. There is four trapping mechanism (Juanes et al., 2006). The first
trapping mechanism is structural or stratigraphic trapping to prevent CO2 from escaping to
the surface (Hesse and Woods, 2010). The second mechanism is residual trapping, where
the CO> trapped in the rock pores by capillary forces (Juanes et al., 2006). The third

mechanism is the dissolution of CO: in storage formations (Spycher and Pruess, 2005).



Atmosphere

Figure 1.1 Potential options for storing CO- in geological formations modified from

(IPCC, 2005)

This trapping can enhance CO; storage safety since the amount of CO- leakage is minimal.
The last is mineral trapping, whereby the CO- can store safest in storage media as a result
of geochemistry; however, mineralization is a prolonged thermodynamic process and can
take hundreds to thousands of years or more to complete (Bachu et al., 1994). Thus, this
work will focus on residual and solubility trapping rather than mineral trapping. Since we
cannot perform the pilots directly, at Vietham and many potential sites, to investigate the
CO. storage because of the high cost, modelling and simulation are the main streams of

this work.



Moreover, numerous studies have shown that CO, storage efficiency depends on reservoir
heterogeneity (Al-Khdheeawi et al., 2018b; Ambrose et al., 2008; Dai et al., 2018; Flett et
al., 2007). Also, permeability heterogeneity is essential to control CO, migration (Flett et
al., 2007; Obi and Blunt, 2006), while these authors suggested that the geological models
with high-resolution heterogeneity are necessary for the different storage mechanism.
However, in CO> simulation is required high computational cost. It needs to incorporate
heterogeneity and geological realism. In order to build a realistic model, the subsurface
data is necessary for reservoir characterization. For conventional modelling workflow,
enough data requires for building the petrophysical accuracy model. However, the cost
center of the geo-storage project is the constraint to obtain all data measurements to
construct the geological model. Thus, the efficient geological modelling workflow needs
to develop for storage sites. Therefore, this study will propose an integrated modelling
framework using Artificial Neural Network and Geostatistic modelling to enhance the
modelling process.

Furthermore, injection strategies could improve efficiency and security storage. Recently,
the WAG process has been proposed to enhance security and maximize the amount of CO>
trapping because of the capability to enhance macroscopic and microscopic sweep
efficiencies in storage reservoirs (Al-Khdheeawi et al., 2018a; Rogers and Grigg, 2001).
Many studies have demonstrated the better performance of WAG than CO; continuous in
terms of residual and solubility trapping (Juanes et al., 2006; Rasmusson et al., 2016).
However, few studies proposed the optimization framework for the WAG process. Also,

heterogeneity uncertainties such as facies, porosity, and permeability exhibit notable



effects on the performance of the WAG process. These uncertainties are significant for
monitoring and optimization of CO, storage.

To address the issues about geological modelling and optimization CO, storage, the
interesting question raised here: Could we optimize the CO-WAG process under
geological uncertainties? To answer this question, the integrated framework between
geological modelling and robust optimization WAG process is required. Thus, the unique
geological modelling workflow needs to create to achieve optimal reservoir modelling,
storage optimization, as well as uncertainty assessment.

1. 2. Background

1.2.1. Atrtificial Neural network

Artificial Neural Network (ANN) is a power tool, which helps automatically identify the
relationship between multiple known parameters and a single unknown parameter. The
way defines the behavior of a neural network that their individually computed elements are
connected and by the strength of those connections, or weights (Vo Thanh et al., 2019a).
Weights are automatically adjusted by training the network following a specified learning
rule until it properly performs the desired task (Ahmadi, 2015).

ANN applications have two stages: the training stage, where the ANN learns the hidden
relationship of data while the predicting stage of ANN used to predict new outputs from
input data not used during the training stage (Ruiz- Serna et al., 2019). Also, ANN could
be roughly categorized into two types in terms of their learning features: supervised and
unsupervised (Anderson and McNeill, 1992). This research used a supervised ANN model
that takes multiple inputs and returns one or several outputs from trial and error algorithm

(Petrel, 2017). These inputs included seismic attributes and well log values. Each input



multiplied by weight; the result then summed and passed through a nonlinear function to
produce the output (Nikravesh, 1998; Du et al., 2003; Mahdavi and Kharrat, 2009; Darabi
et al., 2010; Iturrarn-Viveros and Parra, 2014). Figure 1.2 depicts the architecture of the

ANN model.

Variance —»

Sweet —
Porosity
t* Attenuation——
Permeability
RMS amplitude—

Intensity —

Welllog —*

Input layer with six neurons

Hidden layer with eight neurons

Figure 1.2 The schematic of ANN model for prediction porosity and permeability

The quality of ANN model would be validated using the following formulas:

é-?:l (yi,sam -V pred )2

R2 =1_ =u N — 2
ai:1 (yi,sam -

(1-1)

Xi ,sam)

1..n
RMSE = \/H ai:l(yi,sam - yi,pred )2 (1'2)

Where Vi g, Vi pred » Visan @re data points from actual numerical values, the prediction values

by the neural network, and the average of actual data, respectively.



1. 2. 2. Geostatistical modelling

1. 2. 2. 1. Object-based modelling

Object-based modeling is the algorithm to represent each facies unit. More specifically, the
object is a template of cells that contain two main facies types: background floodplain and
channel sand. The impermeable background floodplain (usually shale), which defined as
the matrix within which the sand objects embedded. The channel sand considered to be the
best reservoir quality due to the relatively high energy of deposition and consequent coarse
grain size (Shmaryan and Deutsch, 1999).

The facies type is clearly at well location. The challenge of object-based modeling schemes
is honoring an abundance of local well data. Thus, the iterative procedure adopted in the
fluvial object modeling process is very efficient (Deutsch and Tran, 2002). The significant
parameters of channel objects are Width, thickness, orientation, amplitude, and wavelength

(Figure 1.3).

Reference axis direction

Orientation angle
Centerline direction
Centerline

(a) Plane view Amplitude

7

A
Wavelength

A Width X

(b) Cross section vie
. . Thickness
Position of maximum

Thickness

Figure 1.3 The major parameter for channel object (Deutsch and Tran, 2002)



1. 2. 2. 2. Sequential Gaussian Simulation (SGS) and Co-kriging
Petrophysical property modeling is a crucial step in reservoir characterization. It directly
influenced by fluid flow simulation (Vo Thanh et al., 2019b). The sequential Gaussian
simulation (SGSIM), is the popular geostatistical algorithm for creating stochastic random
fields of continuous variables such as porosity and permeability. The SGSIM is more
effective than the Truncated Gaussian Simulation because it considers only values within
a search neighborhood through the cumulative probability function computation (Al-
mudhafar, 2018). The process of conditional simulation combines transforming data into a
normal distribution, computing and modeling variograms, and creating properties. This
process is used sequentially sampling from conditional distributions. It is defined as the
variable at each grid as a random variable following Gaussian distribution (Manchuk and
Deutsch, 2012). For the first data points, the SGSIM selects the simple kriging algorithm
procedure after the generation of the variogram.
However, the SGSIM then randomly determines the location of estimation is based on the
seed number to generate multiple realizations. Moreover, the estimated values are used for
the evaluation of the following missing values. Finally, the step by step for the Conditional
Sequential Gaussian Simulation can summarize by the following steps (Pyrcz and Deutsch,
2014; Vo Thanh et al., 2019b):

f  Change all the original selected data into Gaussian distribution with mean p = 0 and

variance 02 = 1 via the normal score transformation (Z-distribution).

I Generate the variogram for the selected data.



I Select the location of the evaluation randomly through the seed numbers. Calculate
the variable value and the related error variance at that location using the simple
kriging approach.

I Generate the local conditional cumulative distribution function for the variable at
that location for a random selection of the values using that function.

f  Repeat the process for all locations of evaluation.

f  Repeat all steps for different realizations.

1. 2. 3. Geological Modelling guide to decision

The geological modelling approach developed year by year. The current trend has changed
from the comprehensive full-field models to models where a specific goal is to address the
decision models (Hellman and T. Hultgreen, 2017). The decision models are necessary for
all phases, from appraisal to production optimization. These models need advance
modelling techniques and integrated workflows. However, they usually adapted the
standard workflow and including all data available. In the development phase, the decision
model helps us to place the production and injection wells to maximize the oil production
forecast.

In the appraisal phase, the decision model support for well-testing well for production test
simulation. Regarding the CO- storage feasibility project, the decision models support to
address the critical question such as storage capacity, plume migration, and CO; leakage
(Hellman and T. Hultgreen, 2017). Also, the porosity and permeability models play an
essential role in the investigation of the CO; storage project. However, the uncertainty of

these models is always presented in the geological modelling workflow. Thus, our study



proposed an integrated modelling workflow to reduce project risk and to enhance the

optimization process. Figure 1.4 shows the modelling workflow proposed in our research.
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Figure 1.4 The integrated modelling workflow (Vo Thanh et al., 2019b)

1.2.4. COz-Water-Alternating-Gas (WAG) sequestration process

WAG injection is a popular Enhanced Oil Recovery (EOR) technique. This method
entailed injecting a slug of gas into the reservoir alternated by water. The gas-injected
dissolution in oil could reduce hydrocarbon viscosity and increase recovery. In contrast,
water flooding is used to control the stability of CO> front, improve sweep efficiency
throughout gas flooding, decrease gas mobility ratio, and prevent CO, channeling
(Christensen et al., 2001). The WAG process optimization for EOR minimizes the total
amount of gas injection is required to dissolve hydrocarbon (Song et al., 2014). Recently,
the WAG technique has employed to enhance oil recovery and carbon storage because of
its capability to strengthen macroscopic and microscopic sweep efficiencies in petroleum
reservoirs (Zhong et al., 2019). Also, geochemistry occurs during WAG injection into

reservoir formations, and thus CO. can be sequestered. Even though numerous chemical



reactions are associated with WAG injection into reservoir formations, we ignored the
geochemistry consideration, which means the mineral trapping did not consider during the
simulation. Mineralization is a prolonged thermodynamic process. It can take hundreds to
thousands of years or more to complete (Bachu et al., 1994).

Moreover, we had run hundreds of simulations to find optimal solutions. If we include the
geochemistry, the simulation time would be computationally prohibitive. Thus, we
investigated the effective enhancement of solubility, and residual trapping observed during
WAG optimization for CO> sequestration. This enhancement could potentially offset the
costs of water injection by optimizing the alternating cycles of injection. One WAG cycle
is defined as a complete cycle of CO,Twater injection (Zhang and Agarwal, 2013).
Figure 1.5 illustrates the schematic of WAG operations. The red and dark blue blocks
represent CO. and water injections, respectively, and the width of blocks indicates the

injection period (Vo Thanh et al., 2020).

CYCLF 1 CYE‘i!e 2 B CO, injection
(1 ) (l ) B Water injection
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|
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Figure 1.5 Illustration of the WAG process (Vo Thanh et al., 2020)
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1. 3. Research objectives
The objective of this dissertation to develop an efficiency multi-task for optimization CO-
trapping of fluvial sandstone in the Nam Vang field, Cuu Long Basin. These general
objectives aim to follow specific goals:

1. To generate the reasonable geological model with limited data

2. To propose an efficient method for prediction porosity and permeability model

3. To evaluate the role of rock types (facies model) for improving the accuracy

porosity and permeability model
4. Todemonstrate the vital role of geological uncertainty in CO2 sequestration project
5. To develop the optimization framework from static modelling to dynamic
simulation for CO, geo-sequestration using the WAG process.

1. 4. Dissertation outline
This study focuses on the connection between integrated geological modelling and
reservoir simulation for CO> sequestration. This dissertation composes of six chapters
which highlighted as follows:
Chapter 1 introduced the motivation and background of research and showed the main
goals of this dissertation.
Chapter 2 includes the literature review of CO: sequestration modelling, geological
uncertainties, robust optimization workflow, and the geological characteristic of the Nam
Vang field. An overview of target formation introduced here. The available subsurface
characterization data sets presented.
Chapter 3 explains the procedure of the integrated geological modelling workflow of

fluvial sandstone at the Nam Vang field, Vietnam. The modelling framework used in this
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research comprises: (1) building a structural model to display zones, and layering of
reservoirs; object-based modelling for facies distribution; (2) predicting porosity and
permeability models using ANN, (3) constructing a 3D petrophysical model through SGS
and co-kriging to integrate the prediction porosity, permeability, and facies models; (4)
history matching to validate the accuracy of the porosity and permeability models. Finally,
the conventional and integrated workflow compared to a demonstration of the useful new
modelling workflow. This chapter was published from Energy Resources, Part A:
Recovery, Utilization, and environmental effects and International Journal of
Greenhouse Gas Control (Vo Thanh et al., 2019d, 2019a).

Chapter 4 introduces the field scale simulation of CO. sequestration. This chapter explains
the importance of WAG injection for CO sequestration. The simulation scenarios will
conduct to demonstrate the effectiveness of WAG techniques. The simulation result of base
case WAG injection will use for the innovative optimization workflow in Chapter 5.
Chapter 5 presents the robust optimization for the WAG process under geological
uncertainties. Multiple geological realizations were created for the optimization process.
This chapter introduces the full ranking geological realizations by integrating geological
modelling and reservoir simulation in a single workflow. Then, these ranking realizations
adapted for nominal and robust optimization. The comparison of two optimization
workflow demonstrated the role of geological uncertainties in CO2 sequestration
assessment. The robust optimization led to 90% enhanced total CO> trapping. This chapter
was published from Journal Natural Gas Science and Engineering (Vo Thanh et al.,
2020)

Chapter 6 summarizes the main finding of this study and the direction of future work.
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CHAPTER 2

LITERATURE REVIEW

2. 1. Geological Modelling of CO2 sequestration

Geological modelling is an essential tool to include the geometry of geological bodies and
their reservoir properties (Johnson, 2009). This tool supports dynamic simulation of CO-
sequestration in the subsurface (Eigestad et al., 2009). In order to perform the reservoir
simulation, reasonable models need to consider. Also, the CO. storage sites are limited
subsurface datasets due to the cost projects. This challenge could solve by integrating the
available subsurface pieces of information to construct the model representing the
geometry and properties in a consistent system (Kaufmann and Martin, 2008; Wu et al.,
2005).

On the other hand, the geological models play an essential role in coupling fluid-flow
simulation and seismic inversion modelling. Also, the results of static models could employ
for predicting the CO> migration and trapping capacity in subsurface formations (Shogenov
et al., 2017). Moreover, the geological modelling could reproduce the petrophysical
distributions, faults, fractured in storage sites.

Francu et al., (2017) utilized the geological modelling to assess the potential CO>
sequestration in Abandoned Qil and Gas Field LBr-1 in the Vienna Basin. These authors
have drawn clear pictures about subsurface models in depleted reservoirs to determine the
maximum possibility of CO. storage. Recently, Alcalde et al. (2014) integrated seismic,
well log, and regional data to generate the 3D models of Hontomin CO2 storage site, Spain.

These authors could estimate the maximum theoretical CO; storage capacity of 5.85 Mt.
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They expected that the high-quality geological model could use in the development of
future CO; storage projects.

Furthermore, geological heterogeneities are a substantial impact on CO storage sites.
Issautier et al. (2013) conducted the modelling of CO: injection in fluvial reservoirs by
emphasizing the effect of heterogeneities on CO. storage capacity and performance.

They changed the distribution of facies distribution in the reservoir model. However, these
authors did not mention the effect of geostatistical modelling in their studies. In the most
recently, Nguyen et al.,(2017b) applied the geostatistical modelling to support for CO>
storage evaluation in Deep saline aquifers, Ordos basin, China.

They used the two-point and object-based to produce the facies model in meandering
depositional environment. Lately, (Nguyen et al., 2017a) performed the sensitivity analysis
of CO; storage using object-based modelling. They found that the geometry channel had a
strong influence on CO2 plume migration. Therefore, the geostatistical modelling is
necessary for CO> storage assessment. Besides, the geologic model could improve by
basin-scale modelling. Mehnert et al.,(2014) adapted the basin-scale modelling to estimate
the CO; trapping in the basal sandstone of the Illinois Basin. They can found the pressure
drop during CO> injection on a large scale. In this storage site, 56% of the injected CO is
trapped via residual trapping. 15% of injected CO- is trapped via dissolution trapping,
while 29% remain as mobile trapping. Recently, Hsieh et al. (2017) proposed a multi-
sequestration shale-sandstone-basalt system. They used TOUGHREACT to perform
reactive geochemical transport. The simulation results are indicated that the mineral

sequestration in the multi-system is quicker than in the shale-sandstone system.
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These findings suggested that the long-term trapping could be improved by rapidly fix
carbonate minerals in the shale-sandstone-basalt system. Furthermore, March et al. (2018)
conducted the CO> storage assessment in naturally fractured reservoirs. These authors
utilized the dual porous system to evaluate the CO, storage performance in the fracture-
matrix grid cell. The results illustrated that the CO- trapped mostly in the fracture grid.
This study proved that naturally fractured reservoirs are potential CO2 storage sites in the
future. However, these fractured zones are easy to allow CO: to leak back to the surface.
Therefore, modelling CO> leakage is vital in any storage site. Vialle et al. (2016) used
TOUGH2 to conduct the multi-phase flow simulation of CO- leakage in a fractured cap-
rock. These authors found that the effective permeability controlled the hydrodynamic of
the leakage and considering as the mitigation strategies.

Also, the sensitivity of relative permeability and capillary pressure could be enhanced the
evaluation mitigation strategies in a fractured cap-rock. However, these authors conducted
the simulation in a short time. The leakage assessment is needed to investigate in a longer
time.

Miocic et al. (2019) conducted the 420000 years assessment of fault leakage rates in
geological Carbon storage sites. In the CCS project, CO, must be retained for 10000 years
to be useful as mitigation tools. In order to reduce CO- leakage, we must consider the best
candidates to inject COz in the subsurface. Geological modelling is a suitable tool to solve
this issue. Geological models support for measurement, monitoring, and verification.
Therefore, geological modelling workflow needs to develop to enhance the realistic models
in CO; storage sites. Lawton et al. (2019) developed the geostatic model for CO; injection

at the Field Research Station, Southern Alberta, Canada. They investigated the static and
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dynamic CO: storage capacity in the field. Also, these authors used the seismic method to
observe the CO> plume shape in storage formation.

In most recently, geostatistic methods are standard in constructing the 3D models for CO>
Storage capacity in depleted reservoirs (Zhong and Carr, 2019). This study built the 3D
static model to evaluate the CO. storage potential in the Jacksonburg-Stringtown oil field,
West Virginia, USA. The estimated theoretical CO> storage capacity for this field varies
from 24 to 383 million metric tons. The evaluated results of CO> sequestration indicated
that the Jacksonburg-Stringtown oil field has potential for CO2-EOR and storage projects.
Furthermore, Artificial Neural Networks (ANN) is a useful approach to support for
geological modelling aspect. Integrating Artificial Neural network methods and
geostatistical techniques could improve 3D geological modelling in the subsurface.
Esmaeilzadeh et al. (2013) used ANN and geostatic to enhance the 3D porosity model in
one of Irands oil field. They applied the ANN to create the transformation between the well
log and core measurement. Then, these results will be employed to distribute 3D porosity
models using geostatistical approaches. Also, ANN was used to build the porosity and
permeability models in the fractured granite reservoir. Nguyen et al. (2014) employed
ANN to predict the petrophysical accuracy models in granite reservoirs.

Later, Vo Thanh et al., (2019c) developed the integrated workflow to construct the 3D
geological models to evaluate the CO> storage potential in fractured granite reservoirs, Cuu
Long Basin, Vietham. Thus, this study was adapted the ANN and geostatistic methods to

develop the effective modelling workflow in fluvial sandstone reservoirs.
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2. 2. Geological uncertainty

Geological uncertainty is necessary for modelling and simulation in CO2 sequestration sites.
Notably, the limitation of subsurface datasets is the increasing geological uncertainties of
geological models. Therefore, geological uncertainties will create a barrier to precisely the
future reservoir performance and negatively impacts the economic aspect (Al-Mudhafar,
2016). Thus, geological uncertainty plays an important role in CO sequestration studies.
Uncertainty analysis is a useful tool to investigate the geological uncertainty in the
subsurface. Li and Zhang (2014) proposed the experiment design and response surface
analysis to evaluate the long-term leakage risk for the Nugget Sandstone in Moxa Arch,
Wyoming. Also, the Latin Hypercube and ANN was used for surrogate modelling to
optimize the geological CO; storage (Pan et al., 2014).

This study generated multiple realizations of porosity and permeability to represent the
uncertainty in geological models. Dai et al. (2014a) proposed the integrated framework for
CO2 sequestration and Enhance Oil Recovery. The uncertainty parameters were used to
determine the objective functions using Monte Carlo Simulation. Sarkarfarshi et al. (2014)
conducted a sensitivity analysis for CO, geo-sequestration.

They found that reservoir porosity, residual brine saturation, and capillary pressure are the
most influential factors in the uncertainty of CO. plume migration. Jia et al., (2018) utilized
the Polynomial Chaos Expansion for uncertainty qualification of CO,-EOR and storage
project. The uncertainty of porosity and permeability was considered for forecasting CO-
storage capacity. Furthermore, Temitope et al. (2016) used the experimental design for
uncertainty analysis and optimization of COz trapping in saline aquifers. They determined

the residual and solubility trapping index in the PUNQ-S3 models. These authors provide
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the most influential factor in CO> trapping capacity to decide with less risk and more
confidence. Besides, Heath et al. (2012) considered the geologic heterogeneity and
economic uncertainty for subsurface Carbon Dioxide Storage. They proposed the novel
average scheme of CO injection using geological realizations of porosity and permeability
properties. Also, this study included the costs of operation of injection wells in the Mount
Simon formation in the Illinois basin, USA. This result is indicated the costs of CCS
projects could be sensitive to geological heterogeneity.

Moreover, Si Le et al. (2017) considered geological uncertainty for their evaluation CO»-
EOR and storage performance using the Water Alternating Gas process. These authors
found that geological uncertainty is also affecting CO2-EOR performance and the Net
Present Value of CCS projects. Also, Demsey et al. (2015) reduced the uncertainty of
geological CO; storage using a large number of permeability realizations. They simulated
CO: injection/brine production for many realizations of permeability models and collecting
ensemble results as an uncertainty bracket log for the correct outputs. These authors
confirmed that dynamic uncertainty reduction by new data assimilation using the Bayesian
approach.

For enhancing residual and solubility trapping, geological uncertainty strongly affects the
performance of controlled injection schemes in aquifer property distribution (Shamshiri
and Jafarpour, 2012).

Lately, Ma et al. (2019) used Ensemble Kalman Filter considering the uncertainty
hydraulic aquifer properties for predicting CO2 plume migration from monitoring data.
Recently, Chen et al. (2020) applied the data assimilation method to reduce geological

uncertainty in predicting CO. plume migration, CO- leakage through a wellbore. These
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authors demonstrated the crucial role of geological uncertainty in storage sites. For
optimization project, many authors considered geological uncertainties for their studies
such as SAGD operation (Yang et al., 2011); optimal well positioning (Jin et al., 2015);
CO- plume characteristic (Jeong and Srinivasan, 2016); CO> low salinity water alternating
Gas (Dang et al., 2016); CO.-EOR and storage (William Ampomabh et al., 2017); Water
flooding and risk management (Siraj et al., 2016); Microbial Enhanced Oil Recovery
(Ansah and Vo Thanh, 2020),

Besides, the surface characterization of a deep saline aquifer is poorly defined, finding the
optimal solutions under geological uncertainties are strongly recommended for CO:

sequestration (Petvipusit et al., 2014).

2. 3. Optimization of CO, sequestration

For enhancing the CO> storage performance, it is necessary to define the optimal design
factor that impacts the CO> injection process in the subsurface. For the CCUS project, two
goals must achieve: CO; flooding performance to improve the feasibility of the Enhanced
Oil Recovery project and CO; storage performance to optimize the reduction of greenhouse
gas emission (William Ampomah et al., 2017; Balch and McPherson, 2016).

Many researchers investigated the co-optimization of CO2-EOR and storage
(Ettehadtavakkol et al., 2014; Forooghi et al., 2009; Vanit Veld et al., 2013; Wang et al.,
2018a). However, some of these works used limited data or sector models.

There are many approaches to the optimization process. Recently, several studies in
petroleum engineering to focus on using neural network for their optimization studies

(Amini and Mohaghegh, 2019; Dai et al., 2014b, 2014a; Dang et al., 2020; Ertekin and Sun,
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2019; Kimet al., 2017; Sina Hosseini Boosari, 2019). Also, reservoir simulation simulators
are useful tools for evaluating the CO2-EOR and storage performance in the subsurface.
However, petrophysical parameter and rock-fluid measurement uncertainties are strongly
affected by reservoir simulation results (William Ampomah et al., 2017).

The geological uncertainties could be reduced using a history matching process and
considering the operational parameters in reservoir performance simulation (W. Ampomah
etal., 2017).

Therefore, the optimization approaches under geological uncertainties are necessary for
CO.-EOR and storage projects. Recently, optimization under geological uncertainties was
adopted in many studies. To decreasing the uncertainties and improving the possibility of
a successful project, robust optimization has used to solve the challenge of geological
uncertainties in subsurface studies.

For unconventional reservoirs, robust optimization workflow used to enhance the NPV
value and oil production performance (Nguyen et al., 2016; Yang et al., 2011). In the low
salinity waterflooding project, Dang et al. (2017) proposed the workflow for history
matching and robust optimization under geological uncertainties. This study was
demonstrated that robust optimization could be employed to decrease uncertainties in low
salinity water injection optimization based on well placement. Later, Dang et al. (2018)
adapted the robust optimization workflow for alkaline-surfactant-polymer flooding in the
EOR process. These authors found that the robust optimization workflow could increase
the NPV project and reducing the geological uncertainties. In CO,- Gas-Assisted Gravity
Drainage process, Al-Mudhafar et al. (2018) proposed the robust optimization of CO>

flooding under geological uncertainties in a fluvial reservoir. This study was stated the

20



robust optimization workflow resulted in higher oil production and net present value than
nominal single realization optimization. Regarding the robust optimization of CO:
sequestration, Shamshiri (2012) considered 100 geological realizations during controlled
CO:z injection for improving residual and solubility trapping in heterogeneous reservoirs.
Also, Petvipusit et al. (2014) proposed a robust objective function for CO. sequestration.
They suggested the new formulation of economic criteria for optimizing the CO: injection
rates. The simulation study of the proposed method was indicated the effectiveness of
robust optimization of CO, sequestration under geological uncertainties.

Regarding the injection strategies for optimization CO>-EOR and storage, Ghaderi et al.
(2012) applied the WAG process for CO,-EOR storage in a tight oil reservoir using an
experimental design approach. They considered the WAG ratio and CO: slug for their
optimization process. The optimization of WAG parameters was provided the highest oil
recovery, storage, and net present value. Also, Wang et al. (2018b) proposed the economic
study for co-optimization of CO2-EOR and storage using the WAG process. For enhancing
CO. trapping, Herring et al. (2016) found that the cyclic CO: injection is a potential
solution to increase residual trapping for geo-sequestration projects.

On the other hand, Al-Khdheeawi et al. (2018a) investigated the enhancement of CO;
trapping using injection strategies. This study was demonstrated the efficiency of the WAG
process. The CO2 plume migration reduced by WAG injection. Also, this technique could
improve the residual and solubility trapping efficiency. Thus, they preferred the WAG
process for CCS projects rather than continuous CO injection.

Also, the WAG process was useful for the optimization of CO; storage in saline aquifers.

Zhang and Agarwal (2013) used TOUGH2 and GA optimizer for numerical simulation and
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optimization of CO; storage in saline aquifers. They found that optimization of the WAG
process could be accelerated the capillary trapping, dissolution trapping, and immobilizing
the CO2 plume in reservoirs. The synergy of robust optimization workflow and WAG
process will investigate in detail in this dissertation.

2. 4. General information of study area

Cuu Long Basin (Mekong Basin) is the largest basin, and the most central hydrocarbon
producing basin in Vietnam (Bojesen-Koefoed et al., 2009). The Cuu Long Basin
constitutes an Early Tertiary rift basin located on the southern shelf of Vietnam, covering
an area of approximately 25,000 km2 (Hung and Le, 2004). This basin was generated as
the result of Indochinads extrusion along Three Pagodas Fault and Red River Fault because
of the collision of India to Eurasia during Paleocene (Morley, 2002). The Cuu Long Basin

comprises of four main structures (Hung and Le, 2004):

I The Southwest sub-basin discovered at the west-central horst, depression to the east
area.

f The Southeast sub-basin: depression with the main structures at the of Central horst

f The Central horst: separated between the Southwest Cuu Long depression and the
Southeast Cuu Long depression.

I The Northern sub-basin: contained the trending faults and minor faults in Cuu Long

Basin.

Generally, the tectonic evolution history of Cuu Long Basin can divide into several main

stages (Schmidt et al., 2019):

I The pre-rift uplift/initial rifting phase found