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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 CO2 sequestration efficiency. The water alternating gas (WAG) process is a 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 CO2 trapping using the WAG process under geological 

uncertainties. Ultimately, the systematic workflow could increase the 90% amount of 

CO2 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. 
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Chapter 2 describes the literature review of CO2 sequestration modelling, geological 

uncertainties, optimization under geological uncertainty, and study area. Detail 

information on geological modelling and reservoir simulation of CO2 sequestration was 

provided in this chapter. The critical role of geological risk was highlighted, focusing 

on geological CO2 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 Artificial 

Neural Network (ANN), a new modelling workflow named “encapsulated framework” 

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 
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models are better for future field development plan as well as the CO2 sequestration 

assessment. 

Chapter 4 discusses the simulation workflow and results of CO2 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 CO2 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 CO2 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 CO2 injection. This 

increase was due to the migration of CO2 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 CO2 cumulative injection to select P10, P50, and P90 that represent the 

overall uncertainty of a reservoir. The WAG process was evaluated using CMG-GEM 
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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 CO2 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 CO2 

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 CO2 

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 CO2 is rising in the atmosphere every year. Thus, Carbon 

dioxide (CO2) capture and storage (CCS) is a potential solution to reduce the amount of 

CO2 emission in the earth’s atmosphere. CO2 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 CO2 storage in saline aquifers 

need to consider before industrial-scale CO2 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 CO2 

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 CO2 trapped in the rock pores by capillary forces (Juanes et al., 2006). The third 

mechanism is the dissolution of CO2 in storage formations (Spycher and Pruess, 2005). 
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Figure 1.1 Potential options for storing CO2 in geological formations modified from 

(IPCC, 2005) 

This trapping can enhance CO2 storage safety since the amount of CO2 leakage is minimal. 

The last is mineral trapping, whereby the CO2 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 Vietnam and many potential sites, to investigate the 

CO2 storage because of the high cost, modelling and simulation are the main streams of 

this work. 
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Moreover, numerous studies have shown that CO2 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 CO2 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 CO2 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 CO2 

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 CO2 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 
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effects on the performance of the WAG process. These uncertainties are significant for 

monitoring and optimization of CO2 storage.   

To address the issues about geological modelling and optimization CO2 storage, the 

interesting question raised here: Could we optimize the CO2-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.  Artificial 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 
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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.  

 

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: 
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Where ,i samy , ,i predy , ,i samy  are data points from actual numerical values, the prediction values 

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

 

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

 Change all the original selected data into Gaussian distribution with mean µ = 0 and 

variance σ2 = 1 via the normal score transformation (Z-distribution). 

 Generate the variogram for the selected data.  
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 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. 

 Generate the local conditional cumulative distribution function for the variable at 

that location for a random selection of the values using that function. 

 Repeat the process for all locations of evaluation. 

 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 CO2 storage feasibility project, the decision models support to 

address the critical question such as storage capacity, plume migration, and CO2 leakage 

(Hellman and T. Hultgreen, 2017). Also, the porosity and permeability models play an 

essential role in the investigation of the CO2 storage project. However, the uncertainty of 

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

 
Figure 1.4 The integrated modelling workflow (Vo Thanh et al., 2019b) 

1. 2. 4.  CO2-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 CO2 front, improve sweep efficiency 

throughout gas flooding, decrease gas mobility ratio, and prevent CO2 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 CO2 can be sequestered. Even though numerous chemical 
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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 CO2 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 CO2–water injection (Zhang and Agarwal, 2013).  

Figure 1.5 illustrates the schematic of WAG operations. The red and dark blue blocks 

represent CO2 and water injections, respectively, and the width of blocks indicates the 

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

 

                  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 CO2 

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. To demonstrate the vital role of geological uncertainty in CO2 sequestration project 

5. To develop the optimization framework from static modelling to dynamic 

simulation for CO2 geo-sequestration using the WAG process. 

1. 4.  Dissertation outline 

This study focuses on the connection between integrated geological modelling and 

reservoir simulation for CO2 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 CO2 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 CO2 sequestration. This chapter explains 

the importance of WAG injection for CO2 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 CO2 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 CO2 

sequestration in the subsurface (Eigestad et al., 2009). In order to perform the reservoir 

simulation, reasonable models need to consider. Also, the CO2 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 CO2 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 CO2 

sequestration in Abandoned Oil 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 CO2 storage. Recently, Alcalde et al. (2014) integrated seismic, 

well log, and regional data to generate the 3D models of Hontomín CO2 storage site, Spain. 

These authors could estimate the maximum theoretical CO2 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 CO2 storage projects. 

Furthermore, geological heterogeneities are a substantial impact on CO2 storage sites. 

Issautier et al. (2013) conducted the modelling of CO2 injection in fluvial reservoirs by 

emphasizing the effect of heterogeneities on CO2 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 CO2 

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 CO2 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 CO2 storage assessment. Besides, the geologic model could improve by 

basin-scale modelling. Mehnert et al.,(2014) adapted the basin-scale modelling to estimate 

the CO2 trapping in the basal sandstone of the Illinois Basin. They can found the pressure 

drop during CO2 injection on a large scale. In this storage site, 56% of the injected CO2 is 

trapped via residual trapping. 15% of injected CO2 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 CO2 storage assessment in naturally fractured reservoirs. These authors 

utilized the dual porous system to evaluate the CO2 storage performance in the fracture-

matrix grid cell. The results illustrated that the CO2 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 CO2 to leak back to the surface. 

Therefore, modelling CO2 leakage is vital in any storage site. Vialle et al. (2016) used 

TOUGH2 to conduct the multi-phase flow simulation of CO2 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, CO2 must be retained for 10000 years 

to be useful as mitigation tools. In order to reduce CO2 leakage, we must consider the best 

candidates to inject CO2 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 CO2 storage sites. Lawton et al. (2019) developed the geostatic model for CO2 injection 

at the Field Research Station, Southern Alberta, Canada. They investigated the static and 
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dynamic CO2 storage capacity in the field. Also, these authors used the seismic method to 

observe the CO2 plume shape in storage formation.  

In most recently, geostatistic methods are standard in constructing the 3D models for CO2 

Storage capacity in depleted reservoirs (Zhong and Carr, 2019). This study built the 3D 

static model to evaluate the CO2 storage potential in the Jacksonburg-Stringtown oil field, 

West Virginia, USA. The estimated theoretical CO2 storage capacity for this field varies 

from 24 to 383 million metric tons. The evaluated results of CO2 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 Iran’s 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 CO2 storage potential in fractured granite reservoirs, Cuu 

Long Basin, Vietnam. 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 CO2 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 CO2 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 CO2 geo-sequestration.  

They found that reservoir porosity, residual brine saturation, and capillary pressure are the 

most influential factors in the uncertainty of CO2 plume migration. Jia et al., (2018) utilized 

the Polynomial Chaos Expansion for uncertainty qualification of CO2-EOR and storage 

project. The uncertainty of porosity and permeability was considered for forecasting CO2 

storage capacity. Furthermore, Temitope et al. (2016) used the experimental design for 

uncertainty analysis and optimization of CO2 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 CO2 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 CO2 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 CO2-

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 CO2 storage using a large number of permeability realizations. They simulated 

CO2 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 CO2 plume migration, CO2 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); 

CO2 plume characteristic (Jeong and Srinivasan, 2016); CO2 low salinity water alternating 

Gas (Dang et al., 2016); CO2-EOR and storage (William Ampomah 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 CO2 

sequestration (Petvipusit et al., 2014).  

2. 3.  Optimization of CO2 sequestration 

For enhancing the CO2 storage performance, it is necessary to define the optimal design 

factor that impacts the CO2 injection process in the subsurface. For the CCUS project, two 

goals must achieve: CO2 flooding performance to improve the feasibility of the Enhanced 

Oil Recovery project and CO2 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; Van’t 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; Kim et 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 

et al., 2017).  

Therefore, the optimization approaches under geological uncertainties are necessary for 

CO2-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 CO2- Gas-Assisted Gravity 

Drainage process, Al-Mudhafar et al. (2018) proposed the robust optimization of CO2 

flooding under geological uncertainties in a fluvial reservoir. This study was stated the 
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robust optimization workflow resulted in higher oil production and net present value than 

nominal single realization optimization. Regarding the robust optimization of CO2 

sequestration, Shamshiri (2012) considered 100 geological realizations during controlled 

CO2 injection for improving residual and solubility trapping in heterogeneous reservoirs.  

Also, Petvipusit et al. (2014) proposed a robust objective function for CO2 sequestration. 

They suggested the new formulation of economic criteria for optimizing the CO2 injection 

rates. The simulation study of the proposed method was indicated the effectiveness of 

robust optimization of CO2 sequestration under geological uncertainties.  

Regarding the injection strategies for optimization CO2-EOR and storage, Ghaderi et al. 

(2012) applied the WAG process for CO2-EOR storage in a tight oil reservoir using an 

experimental design approach. They considered the WAG ratio and CO2 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 

CO2 trapping, Herring et al. (2016) found that the cyclic CO2 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 CO2 

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 CO2 injection.  

Also, the WAG process was useful for the optimization of CO2 storage in saline aquifers. 

Zhang and Agarwal (2013) used TOUGH2 and GA optimizer for numerical simulation and 
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optimization of CO2 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 Indochina’s 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): 

 The Southwest sub-basin discovered at the west-central horst, depression to the east 

area. 

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

 The Central horst: separated between the Southwest Cuu Long depression and the 

Southeast Cuu Long depression. 

 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):  

 The pre-rift uplift/initial rifting phase found on Late Cretaceous–Eocene 
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 The main rifting phase/initial ocean floor spreading phase filled with Late Eocene-

Oligocene. This phase led to the development of the main structural features within 

the basins, following extensional and transtensional deformations. 

 The regional subsidence/renewed rifting found on Early-Middle Miocene. A 

change marked this from typically fault-controlled subsidence to thermally 

controlled, high-rate subsidence. 

 The partial inversion/regional subsidence filled with Late Miocene. During this 

stage, the whole area became dominated by compression, which, in combination 

with the dextral strike-slip fault system east offshore Vietnam, probably generated 

basin uplift/partial inversion. 

 The regional subsidence/renewed rifting found on Pliocene-Pleistocene. Diverse 

tectonic activity, from low to moderate-amplitude differential uplift, acted across 

the basins in the area. 

Nam Vang field, the study area, is located in the northwestern margin in the Cuu Long 

Basin, offshore southern Vietnam, approximately 160 km east of Vung Tau City (Hung Vo 

Thanh et al., 2019c) 



 

24 

 

 

 Figure 2.1 The location of Cuu Long Basin and study area (Vo Thanh et al., 2020) 

2. 4. 1.  Geological overview of Nam Vang field 

Generally, the subsurface interpretation of the Nam Vang field is consistent with the 

regional stratigraphic framework of the Cuu Long Basin. Formation tops have been picked 

based on the integration of the mud log, wireline log, seismic data, biostratigraphic and 

petrography analyses from cuttings, sidewall core samples, core samples, and the 

correlation with the offset wells in the surround Cuu Long Basin. These formations 

classified as following (Hung Vo Thanh et al., 2019c): 

 Pre-tertiary basement 

 Lower Oligocene–Lower Tra Tan formation (E sequence) 

 Upper Oligocene–Middle Tra Tan formation (D sequence)  

 Upper Oligocene–Upper Tra Tan formation (C sequence) 
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 Lower Miocene–Lower Bach Ho formation (BI.1 sequence) 

 Lower Miocene–Upper Bach Ho formation (BI.2 sequence) 

 Middle Miocene–Lower Con Son formation (BII.1 sequence)  

 Middle Miocene–Upper Con Son formation (BII.2 sequence) 

However, the basement fractured reservoir and Oligocene sandstone reservoir are the major 

reservoirs in the Nam Vang field. The fractured basement reservoir is comprised of granite 

and granodiorite, which are contained metamorphic and volcanic and can divide into two 

zones. The first zone consists of weathered granitoid with thickness varying from a few 

meters to tens of meters. The second zone is freshly fractured granite, and these fractures 

are partly filled mainly by secondary calcite and zeolite. 

 Some of the dyke rocks are also cut granitoid (Cuong and Warren, 2009). The source rock 

of the Nam Vang field is lacustrine shale of D and E sequences with a large amount of total 

organic carbon (TOC) and hydrocarbon index values. These formations also generated the 

seal for Oligocene sandstone and fractured granitoid basement reservoirs. The general 

stratigraphic of Nam Vang depict in Figure 2.2.  
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Figure 2.2 The general stratigraphy of Nam Vang field (Vo Thanh et al., 2019c) 

This study focuses on the Oligocene sandstone of Tra Tan formation (E sequences). The 

Late Oligocene sediment source is predominant mudstones with interbedding of sandstones. 

Depositional environments include fluvial in the southwestern basin to lacustrine in the 

northeastern basin. Figure 2.3 shows the general stratigraphic sequences of the study area. 
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Figure 2.3 The general stratigraphy of study area 
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2. 4. 2.  Data available 

This research was used the seismic and well log data to build the reservoir model for CO2 

storage assessment (Vo Thanh et al., 2020). Figure 2.4 is illustrated some type of data for 

this study. The list of detail data outline below: 

1. Thickness and depth map for main pay reservoirs 

2. The three well log data included lithology information and reservoir properties. Three 

pieces of well log data (NV-1X, NV-2X, and NV-3X) applied in the modeling process. 

3. The well-testing measure the bottom pressure from NV-2X well. 

4. The production history from three producer wells used to perform history matching 

through cumulative production and bottom hole pressure data. 

 

            Figure 2.4 Data available for geological construction model 
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CHAPTER 3  

INTEGRATED GEOLOGICAL MODELLING OF FLUVIAL 

SANDSTONE RESERVOIR FOR CO2 SEQUESTRATION 

3. 1.  Introduction 

Geological modelling plays a vital role in production hydrocarbon and CO2 sequestration. 

The purpose of modelling is to represent the characterization of the subsurface reservoir. 

Therefore, it is useful for selecting the potential storage sites where could not quickly to 

obtain from direct observation. Recently, 3D geological modelling has considered an 

effective tool for investigating CO2 storage capacity (Nguyen et al., 2017a; Zhong and Carr, 

2019). However, these studies proposed the conventional modelling framework for their 

assessment.  

The traditional workflow has focused on a geostatistical method to distribute the 3D 

porosity and permeability model. The limitation of core data and well data are the main 

challenge facing the conventional modelling process. Thus, it is necessary to develop the 

integrated modelling workflow to address the disadvantage of the traditional modelling 

framework. For this reason, this work proposed the integrated modelling procedure for 

enhancing more accuracy than the conventional method. This new modelling workflow 

used an artificial neural network (ANN), geostatistic, and object-based modelling to 

construct the 3D rock types (facies), porosity, and permeability models. Also, the 

development of technology has resulted in the deployment of Artificial Neural Network 

(ANN) effectively forecast porosity and permeability with data limitation (Adibifard et al., 

2014; Aminian and Ameri, 2005; Zargari et al., 2013). 
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Furthermore, the ANN was integrated geostatistical modelling for enhancing modelling 

process in the granite fracture reservoir (Vo Thanh et al., 2019a). The most common 

approaches of geostatistical modelling are Sequential Indicator Simulation (SIS) and 

Sequential Gaussian Simulation (SGS). Generally, SIS applies a variogram or two-point 

statistical model for facies modelling the different types of reservoirs (Deutsch, 2006; 

Seifert and Jensen, 2000). Even though it is a flexible method, with requires little 

parameters. SIS has several limitations to capture the realistic depositional environment. 

For example, channel forms, length, thickness, and sinuosity (Vo Thanh et al., 2019b). In 

this aspect, Multi-point statistic (MPS) has proposed as a more efficient approach to 

representing the geological formation (Guardiano and Srivastava, 1993; Strebelle, 2006; 

Strebelle and Journel, 2001).  

Despite the merits of MPS over SIS, both have two disadvantages: (i) stationarity and (ii) 

ergodicity (Nguyen et al., 2017b). These demerits are addressed by the object-based 

method (OBM). Moreover, the OBM can create efficient facies modelling in fluvial 

channel reservoirs (Georgsen et al., 2009; Holden et al., 1998; Shishmanidi et al., 2014; 

Vo Thanh et al., 2018). Therefore, OBM was adopted in this study to assign the background 

facies to model the conceptual model jointly. This method is the first connector between 

static and dynamic simulation to enhance the accuracy dynamic simulation model (Alpak 

et al., 2017; Hu and Jenni, 2006; Suzuki and Caers, 2006).  

Moreover, for the porosity and permeability modelling, Sequential Gaussian Simulation 

(SGS) is the most common approach to capture the reservoir heterogeneity (Gringarten and 

Deutsch, 1999; Pyrcz and Deutsch, 2014). In this study, SGS used for ranking the suitable 
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rock type (lithofacies) model through the relationship between well log and continuous 

properties value. 

Although the individual merits and lacks the methodologies mentioned above, not much 

work has considered integration of co-kriging, SGS, ANN, and OBM to capture reservoir 

heterogeneity during geological modelling. Since geological modelling is still a 

challenging problem for the CO2 storage project. Thus, this chapter introduces an 

integrated workflow to improve the geological modelling process in a fluvial sandstone 

reservoir in offshore Vietnam. We developed an e – framework (where "e" stands for 

encapsulated) that employs Artificial Intelligence Neural Network coupled to object-based 

modelling and geostatistical method (precisely, SGS and co-kriging) to build the realistic 

3D geological model for CO2 sequestration assessment.  

3. 2.  Research Methodology 

We proposed the integrated workflow for enhancement accuracy of geological modelling 

in storage formations. The procedure of this framework elaborated as follows: 

The first step was to construct a structural model from seismic interpretation in the 

modelling workflow. A high-resolution model with suitable grid cells, zones, and layers 

considered for the modelling process. 

 The second step was to create the facies model by using the object-based method. The 

object-based facies model was represented the fluvial depositional environment in the 

reservoir. The facies model was construed as a conditional petrophysical model through 

the SGS technique to select the most suitable fluvial channel distribution. Then, the next 

step was to generate the seismic attributes based on their correlated coefficients and well 

log values.  
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These seismic attributes were further ranked through many trials and testing iterations 

through ANN training. The number of seismic attributes considered was: Chaos, Dip 

deviation, Envelope, Ant-tracking, Flatness, Polarity, Genetic Inversion, RMS amplitude, 

Intensity, Sweet, Variance, Outcrop attributes, t* Attenuation.  

The fourth step was to rank the group of seismic attributes for porosity and permeability 

prediction. In this step, the training data was separated into two parts; 70% used for the 

training data and the remainder to calculate the error.  

The maximum number of iterations and percent error was carefully considered to avoid 

overtraining during the ANN process. The suitable group was selected through the highest 

correlation coefficient between predicted and well log values. The predicted and well log 

values were also visually checked to observe the consistency between them. 

 If the coefficient values were not high enough, then the seismic attributes were reselected 

to regenerate new training data. The fifth step was the seismic resampling process to 

generate the prediction model cube, which illustrates the distribution of predicted porosity 

and permeability. This step converted the seismic cube into a 3D model. After this, a co-

kriging process was adapted to integrate the ranking facies model and predicted ANN 

values in the 3D petrophysical model. 

 Then, we can use this model for history matching to compare with conventional modelling 

workflow. The traditional modelling workflow is shown in Figure 3.1(a). The summary 

of the integrated modelling workflow is depicted in Figure 3.1(b).  
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Figure 3.1 Schematic of modelling workflow for this study 

3. 3.  Result and Discussion 

3. 3. 1.  Structural modelling 

The first step in constructing the 3D geological model was structural modelling. The 

structural model represented the setting of the geosystem for the reservoir to be used for 

the static and dynamic geological model. The structural model is constructed on top and 

base horizons of the reservoir. Subsequently, the pillar gridding was conducted based on 

the skeleton framework.   

The skeleton is a grid consisting of a top, middle, and base skeleton grid. The selected 

dimensional of each grid in the corner gridding was 25 m × 25 m. The structural model of 

fluvial sandstone is depicted in Figure 3.2. 
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Figure 3.2 Structural modelling process of fluvial sandstone reservoir. (a) top and 

base horizons. (b) The skeleton grid. (c) final structural model 

 

The number of grids cells in X direction was 148, and in Y direction was 176. To create a 

more realistic geological model, the reservoir was divided into 100 layers to have 

approximately 1 m depth for each layer. Therefore, the number of grids in the Z direction 

was 100 grid cells. The final structural model had 2,604, 800 grid cells—this extensive grid 

system allowed representing the fluvial channel sandstone reservoir with high accuracy. 
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3. 3. 2.  Object-based modelling 

The OBM was adapted to construct 3D lithofacies distribution for the Oligocene formation. 

Before evaluating the accuracy of the 3D lithofacies for the Oligocene structure of the Nam 

Vang field. The depositional environment was considered for the reservoir. The 

depositional environment studies indicated that Oligocene formation was a meandering 

fluvial system. The well log data was upscaled to apply geostatistical modelling for 

lithofacies and petrophysical properties (Figure 3.3). The well log upscale was conducted 

to increase the size of logs that follow the grid cell size.  

Then, the object-based method was used for 3D lithofacies simulation to represent the most 

reliable depositional environment and geological heterogeneity. The geometry of the 

channel had the same characteristic of the depositional environment of studied formation 

used for object-based modelling. Table 3.1 highlights the main parameters and value of 

lithofacies, as considered for the modelling (Vo Thanh et al., 2019c).  

In this work, the lithofacies model was simplified by grouping the channels, crevasses, and 

leeves into one channel sand, while the background shale became the shale facies. 

 Figure 3.4 depicts the model with channel sand and floodplain shale facies. The facies 

model is the main conditional geological factor in petrophysical modelling. 
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          Figure 3.3 Well log upscale for facies and petrophysical modelling 

      Table 3.1 Input parameters used for lithofacies modelling 

 

 

     Figure 3.4  Facies model build from Object-based method (Vo Thanh et al., 2019b) 

                                                 Min                                   Mean                                Max 

Orientation        60 

Channel amplitude (m)            400                                              600                                    800   

Channel wavelength (m)         1200        1700                                  2200  

Channel width (m)                  150        300                                    450  

Channel thickness (m)            10         15                                      20 



 

37 

 

3. 3. 2. 1.   Conventional Petrophysical Modelling Result 

The Sequential Gaussian Simulation used for 3D porosity and permeability distribution 

after the object-based modelling. The object-based facies modelling was conditioned for 

the petrophysical model to preserve the character of fluvial reservoirs. 

Figure 3.5 depicts the porosity, horizontal, and vertical permeability given object-based 

modelling. These models represented the channel distribution through conditioning 

lithofacies. This process used for ranking multiple facies model in the integrated modelling 

workflow. 

 

Figure 3.5 The result of porosity and permeability model using conventional 

modelling workflow (Vo Thanh et al., 2019b) 

3. 3. 2. 2.  Ranking facies 

Multiple geological realizations generated to determine the true lithofacies to condition for 

porosity and permeability model. The seed number was changed randomly to create a large 
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number of realizations for cross-validation. This seed number can change the distribution 

of channel forms in the facies model. Figure 3.5 highlights the example of the geological 

realization created to validate the object-based model. 

 

Figure 3.6 The multiple realizations created for ranking facies model (Vo Thanh et 

al., 2019b) 

The selected rock-type models showed no mismatch between the spatially predicted and 

the measured values in the petrophysical model.  
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As shown in Figure 3.6, the cross plot indicated an excellent relationship between the 

measured and predicted porosity and permeability as given by the Sequential Gaussian 

Simulation of the Object-based facies model (see Figure 3.5).  

 

Figure 3.7 Cross plot shown the relationship between predicted and measured of 

porosity and permeability conditioning the true lithofacies model (Vo Thanh et al., 

2019b) 

The suitable lithofacies are illustrated in Figure 3.8. These lithofacies later are considered 

for ANN and co-kriging process to complete the petrophysical modelling.  

The realistic petrophysical models closely mimicking the depositional environment were 

expected to enhance accuracy models by history matching.  

The best-ranked lithofacies model sharply reduced uncertainty after the object-based 

modelling. Therefore, the selected facies was able to condition porosity and permeability 

in the fluvial channel reservoir. The lithofacies model was necessary to represent the 

depositional environment in the reservoir. Therefore, the cross-validation was required to 

check whether the object-based facies model described the accurate distribution of the 

fluvial system. This step was imperative to reduce history matching time by determining 
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the correct geological distribution through many simulation runs. It was because history 

matching deals with many uncertain parameters.  

The most influential setting is geological uncertainty, especially facies and petrophysical 

parameters. Hence, controlling the geological risk in static modelling is the most critical 

step to provide the optimal solution for saving time and human efforts during history 

matching as well as the other simulation processes. 

 

Figure 3.8 The ranking lithofacies model (Vo Thanh et al., 2019b) 

3. 3. 3.  Petrophysical modelling using Artificial Neural Network 

The application of ANN is to improve the accuracy of the generation porosity and 

permeability models. Figure 3.9 depicts the ANN structure for enhancing the petrophysical 
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models. Seismic attributes and well log data (input layer) were used for the ANN training 

to predict porosity and permeability properties (output layer).  

 

Figure 3.9 ANN architecture for prediction petrophyiscal models. 

The seismic data divided into specific seismic attributes. The attributes comprise four sets: 

signal processing method, sophisticated trace attributes, structural attributes, and 

stratigraphic attributes. The collection of seismic characteristics as used for the ANN 

training is as follows: Variance, Sweet, t*attenuation, RMS amplitude, Intensity. Figure 

3.10 shows an example of the generated seismic attributes for the training process. From 

these scenarios, the correlation factor between well log and ANN predicted values 

calculated to determine the best scenario for predicting the porosity and permeability model. 

The result of the ranking scenario is highlighted in Table 3.2. 
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Figure 3.10 Example of seismic attributes for ANN training (Vo Thanh et al., 2019b) 

     Table 3.2 The result of ranking seismic attributes (Vo Thanh et al., 2019b) 

 

 

 

Scena

rio  

Seismic attributes Correlation 

factor  

1 Flatness, Chaos, Dip Deviation, Ant-

Tracking, Polarity, Genetic inversion  

0.59 

2 RMS amplitude, Dip Deviation, 

Intensity, Sweet, Variance 

0.68 

3 Variance, t* Attenuation, Intensity, 

Genetic Inversion, Ant tracking, RMS 

amplitude, Outcrop attributes 

 

0.74 

4 Variance, Chaos, Dip Deviation, 

Sweet, t* Attenuation, Genetic 

Inversion 

0.85 

5 Variance, Sweet,  t* Attenuation,  

RMS amplitude, Intensity,  

0.91 
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Figure 3.11 depicts the result of ANN training. This result came from a selection of 

suitable seismic attributes and many trails to define the percentage for training and 

validation (Figure 3.11.a and 11.b). Figure 3.11c indicates the correlation between ANN 

and well log values.  

It noted that the ANN correlated positively to the well log values with a minimal error of 

less than 5%. Figure 3.11.d shows the cross plot between ANN and well log porosity 

values. As shown in Figure 3.11, the cross-validation is reliable and accurate, judging by 

the high R2 equal to 0.956. The predicted cubic porosity seismic after the ANN training 

highlights in Figure 3.11.e.  

 

Figure 3.11 ANN training process for porosity: (a) ranked attributes; (b) ANN 

training set up; (c) correlation table between seismic attributes and well log porosity; 

(d) ANN and well porosity correlation; (e) ANN prediction porosity cube (Vo Thanh 

et al., 2019b) 
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In the same vein as conducted for porosity, the predicted permeability obtained similarly. 

The seismic resampling converted from seismic cube to the 3D model. Figure 3.12 depicts 

the ANN predicted porosity and permeability models.  

 

 Figure 3.12 ANN model prediction resampling form seismic cube to 3D model: (a) 

ANN porosity model; (b) ANN permeability model (Vo Thanh et al., 2019b) 

3. 3. 3. 1.  The boundary of the developed ANN Model 

The edge of the developed ANN model investigated using ANN-MATLAB to demonstrate 

the quality control of model training. The performance of the developed ANN model based 

on training, verification, and testing data set. The correlation factor and mean square error 

(MSE) used to evaluate the quality and accuracy of the developed ANN model. After 

repeated trial training, it was found that the neural network model with eight hidden 

neurons in the hidden layer obtained the best performance for the porosity and permeability 

with a validation MSE value of 3.9×10−5 and 2.78×10−4, respectively. The illustration of 
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the ANN network shows in Figure 3.13. For the porosity-type ANN model, the training 

process achieved at 35 epochs with a validation MSE of 3.9×10−5 (Figure 3.13a). 

Figure 3.13b depicts the best validation performance and the regression plots of ANN 

porosity model for training, validation and blind testing groups, respectively (Ansah and 

Vo Thanh, 2020) 

 

Figure 3.13 Best validation performance (a) and regression of ANN porosity (b) 

(Ansah , Vo Thanh, Sugai et al., 2020) 

The ANN porosity model fits so well to the well-log porosity values for all training, 

verification, and testing groups, as can be observed in their correlation factor (R) of 0.946, 

0.988 and 0.994 for training, verification, and testing, respectively. Similarly, the 

performance and regression plot of the ANN permeability model highlight in Figure 3.14. 

For the permeability ANN model, the training process was successfully truncated at 86 

epochs with a validation MSE of 2.78×10−4. Also, the ANN permeability model matches 

so well to the well log permeability values for all training, verification and testing groups 
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as can be recognized in their correlation factor (R) of 0.989, 0.983 and 0.978 for training, 

verification, and testing, respectively (Ansah and Vo Thanh, 2020). 

 

Figure 3.14 Best validation performance (a) and regression plot of permeability (b) 

(Ansah ,Vo Thanh, Sugai et al., 2020) 

3. 3. 3. 2.  Comparison of the ANN model and previous studies 

Many previous studies are focusing on the prediction of porosity and permeability using 

artificial intelligence (AI) and machine learning (ML). Table 3.3 lists out some of these 

related studies, and the comparison between those AI, ML models, and our work. As shown 

in Table 3.3, it is indicated that the prediction accuracy of this work significantly differs 

from several previous studies. In that, the developed ANN model of this study is 

outperformed other AI and ML models. The main reason is that the current ANN model 

uses less number of neurons in the hidden layer as compared to the previous AI and ML 

model. Regarding the results in terms of error and efficiency, the ANN models in this work 
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are more suitable for prediction of porosity and permeability due to higher R2 and low MSE 

compared to previous AI and ML models (Ansah and Vo Thanh, 2020) 

    Table 3.3 Comparison between this work and previous studies 

 

    

 

         

 

 

 

 

 

 

 

 

3. 3. 4.  Combination the facies model into ANN prediction models 

The Co-kriging algorithm will use to include the facies models in ANN petrophysical 

model. The main objective of co-kriging is to combine the primary factor and secondary 

factor using the computed correlation factor. In this work, the primary consideration is well 

log data, and the second factor is the ANN prediction porosity and permeability model.  

Also, the object-based facies model considers as a geological factor in the co-kriging 

process. Figure 3.15 shows the process of co-kriging for porosity and permeability models. 

The result of the final porosity and permeability models is depicted in Figure 3.16.  

References         Method     R2  MSE 

(Aminian and Ameri, 

2005) 

ANN 0.976 Not 

stated 

(Kumar, 2012) ANN 0.87 0.0024 

(Yeganeh et al., 2012) ANN 0.974 0.003 

(Esmaeilzadeh et al., 

2013) 

ANN 0.978 Not 

stated 

(Fegh et al., 2013) ANN 0.84 Not 

stated 

(Iturrarán-Viveros and 

Parra, 2014) 

ANN 0.906

3 

0.1876 

(Esmaeilzadeh et al., 

2013) 

ANN 0.978 Not 

stated 

(Nguyen et al., 2014) ANN 0.871 Not 

stated 

(Konaté et al., 2015) GRNN 0.97 0.278 

(Al-Mudhafar, 2017) MLR 0.955 Not 

stated 

(Jamalian et al., 2018) LSSVM 0.984 1.42 

(Zolotukhin and 

Gayubov, 2019) 

ANN 0.92 Not 

stated 

This study ANN 0.988 2.78×10-

4 
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Figure 3.15 Co-kriging process for final porosity and permeability models (Vo Thanh 

et al., 2019b) 

 

 

Figure 3.16 Final porosity and permeability after co-kriging process (Vo Thanh et al., 

2019b) 

The extremely heterogeneous nature of these models is necessary to investigate the fluid 

flow behavior using dynamic simulation. Then, the accuracy of co-kriging results validated 
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through the history matching process. The Drill Stem test (DST) data will be used for 

comparison of the conventional and integrated workflow to validate the efficiency of the 

developed framework. 

3. 3. 5.  Reservoir simulation for DST matching 

The dynamic simulation was used the original grid cell from geological modelling without 

upscaling to coarse grid cell size. The main objective of this section has validated the 

accuracy of modelling workflow. Thus, the large grid cell used for the DST matching 

process. The ECLIPSE 100 black-oil simulator used for reservoir simulation. The reservoir 

model consists of 2,604, 800 grid cells.  Also, the dynamic data such as fluid contact, PVT, 

and relative permeability data have included in the reservoir model.  Figure 3.17 shows 

the relative permeability curves used for the history matching process. 

 

Figure 3.17 Relative permeability curves for history matching model 

The DST matching was performed on the well bottom hole pressure of NV-2X well 

controlled by the oil flow rate. Figure 3.18 highlights the history matching of both 
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conventional (Figure 3.5) and integrated geological models (Figure 3.16). The integrated 

model indicated better matching than a traditional model by reservoir simulation. Therefore, 

the accuracy modelling facies and petrophysical modelling play an essential role in 

improving the history matching reservoir models. Also, the root mean square error (RMSE) 

calculated the mismatch between simulation results and measurement data. Table 3.4 

depicts the result of the RSME of history matching models. We can observe that the error 

of the integrated model was less than the conventional models. Thus, the integrated model 

could use for further investigation because it can reflect the fluid flow behavior in a 

reservoir. This model will apply for CO2 sequestration simulation and optimization in 

chapter 4. 

 

 Figure 3.18 DST matching results of both modelling workflows 

 

 

  Table 3.4 The root mean square error of history matching results 

Type of Modelling workflow Root Mean Square Error 

Conventional model 9.9 

Integrated model 5.3 
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3. 4.  Conclusions  

Some key points could be drawn in this chapter. 

1. An integrated modelling framework is proposed the new approach for improving 

the distribution of porosity and permeability models. The workflow is useful to 

support to select the CO2 sequestration locations. In many geo-storage reservoirs, 

subsurface data, such as core, well logs, and accurate long production history, are 

not always available. The developed framework will contribute to enhancing the 

accuracy quality of the 3D model in storage formations. 

2. The Object-based method is proposed as an efficient way capture the realistic facies 

model. This method was useful for fluvial sandstone reservoirs. 

3. To verify the lithofacies model, geological realizations generated to determine the 

suitable facies distribution using Sequential Gaussian Simulation 

4. Artificial Neural Network is used the seismic attributes and well log data to predict 

porosity and permeability with high correlation factor. The ANN method can 

estimate porosity and permeability values with reasonable accuracy. 

5. The co-kriging algorithm is a useful method to combine ANN and Object-based 

modelling for better distribution of porosity and permeability models. The good 

correlation and consistent between co-kriging and well log values as, per this work, 

was indicated the high reliability of the porosity and permeability models. 

6. Good Drill Stem Test matching demonstrated that the 3D porosity and permeability 

models are reliable for further investigation of dynamic reservoir simulation.  
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CHAPTER 4  

RESERVOIR SIMULATION OF CO2 SEQUESTRATION 

4. 1.  Introduction 

This chapter presents the basic workflow and results of field-scale reservoir simulation of 

CO2 sequestration. Reservoir simulation is combined with mathematical and numerical 

techniques to create a model that studies fluid flow behavior in porous media (Fanchi, 

2018). During this process, the reservoir model is divided into grid cells into three 

dimensions. The reservoir and fluid properties are simulated by space and time in a series 

of discrete steps (Li, 2014).  

In the petroleum reservoir, the main goal of reservoir simulation is to forecast future field 

performance for decision making.  

The future performance is comprised many optimization plans such as infill drilling, water 

injection, gas injection, and well production control (Al-Mudhafar, 2016). In this work, the 

compositional reservoir simulator is employed to evaluate the CO2 sequestration 

performance in the fluvial sandstone reservoir in the Nam Vang field offshore Vietnam.  

4. 2.  Reservoir simulation workflow 

The basic workflow used to construct the reservoir model consists of the following steps 

(Aziz and Settari, 1979): 

1. Define the reservoir engineering problem with a specific purpose 

2. Collect all static and dynamic data required to perform the simulation scenarios 

3. Include the geological, geophysical, and petrophysical data into geological modelling 

4. Fluid definition to analyze the PVT behavior 

5. Choose the type of simulator to be used and designed reservoir engineering problem 
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6. Adjust the reservoir model parameters by the actual historical performance of the 

reservoir 

7. Predict a future reservoir performance under different conditions to achieve the goals 

of the study. 

Even though the above steps are typical, they could vary widely from a case by case. 

Therefore, these steps are flexible depended on the available data and reservoir engineering 

problems. The necessary steps of this research elaborated below. 

4. 2. 1.  Defining the reservoir simulation problem 

The reservoir simulation is a useful approach to evaluate the performance of CO2 

sequestration through different injection scenarios (i.e., continuous and Water Alternating 

Gas injection). The field-scale reservoir models were adapted from Chapter 3 to conduct 

the simulation scenarios in this chapter. The predicted CO2 trapping was estimated and 

compared. For the continuous injection, the CO2 was injected over 20 years. The WAG 

injection consisted of 10 years of CO2 injection, followed by 10 years of water injection. 

Both injection scenarios were followed 40 years post-injection period.  

4. 2. 2.  Static and dynamic data 

The static and dynamic data are necessary to build the reservoir simulation model. The data 

comprises well production/injection history, and well completion. Also, capillary pressure 

and relative permeability curves are needed to represent rock types in the reservoirs. This 

study selects the Brooks and Corey models for the relative permeability curves (Brooks 

and Corey, 1964) and the Van Genuchten function for the capillary pressure curves 

(Genuchten, 1980). Furthermore, the performance of residual CO2 trapping in the present 

study used the hysteresis model of Land (Land, 1968).  
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Figure 4.1 and Figure 4.2 show Land’s residual trapping model and relative permeability 

curves adopted in this study. In this study, CO2 injection and subsequent movement and 

storage within the reservoir considered in the absence of mineral trappings 

 

Figure 4.1 Land trapping model — gas saturation as a function of relative gas 

permeability (Vo Thanh et al., 2020) 

 

Figure 4.2 Relative permeability for CO2 sequestration study 
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4. 2. 3.  Geological Modelling 

The integrated geological modelling was used to distribute 3D porosity, permeability, and 

facies model. The complete modelling workflow was described as detail in Chapter 3. 

These models will upscale for reservoir simulation and optimization studies. 

4. 2. 4.  Fluids definition 

In this study, the reservoir models have used the Equation of State (EOS) for fluid 

definition. For generating the compositional fluid model for the dataset, we used the 

WinProp package within the CMG simulator. For Winprop, the fluids were defined in 

terms of their components to allow the interaction of the compositional fluid in porous 

media (CMG, 2019). The procedures of fluids definition include: 

1. Select units for fluid component 

2. Component selection for reservoir model 

3. Define the composition fraction  

4. Define the water properties  

4. 2. 5.  Geological models upscaling 

The fine-scale geological model has 148, 176, and 100 grid cells in I, J, K directions, 

respectively. The size of grid blocks in the model is 25 m × 25 m, and the total number of 

grid cells is more than 2600000. Because such a large model needed high computation 

time, the fine-scale model was upscaled to obtain a coarse-scale grid size.  

The grid cell numbers in the upscaled model in I, J, and K directions were 40, 48, and 25 

grids (total = 48000 grids). The harmonic and arithmetic means method applied for well 

permeability and porosity upscaling.  
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These methods could preserve the data variations to meet the acceptance of the upscaling 

criteria. Figure 4.3 presents the 3D coarse-scale geological model that includes porosity, 

horizontal, and vertical permeability (Vo Thanh et al., 2020).  

 

Figure 4.3 Porosity (a), horizontal permeability (b), and vertical permeability (c) 

models as simulated in the base case scenario (Vo Thanh et al., 2020) 

To validate the accuracy of the upscaled model, and reducing simulation error, to match 

between the fine and coarse-scale geological models was conducted by cell angles, cell 

inside out factors, and grid bulk volume. The near similarity of the pore volume is required 

for two models. The minimum percentage difference in volume is less than 7% (Petrel, 

2017), precisely a percentage volume difference of 4.34% in this work. Thus, the coarse 

models are acceptable for further investigation through dynamic simulation.  
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Moreover, the geometrical property cell angle that is demonstrated the maximum deviation 

was 90 degrees (not exceeding 15 degrees). The cell-inside-out is determined to ensure 

having zero values in all areas of the reservoir model.  

The histogram properties between fine and coarse-scale models are also considered to 

evaluate the quality of the upscaling process, as presents in Figures 4.4.  

In these histograms, there are a non-significant difference in percentage distribution 

between the fine and coarse-scale models regarding lithofacies and petrophysical 

properties.  

 

 

          Figure 4.4  Upscaling histogram between fine and coarse model 
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4. 2. 6.  CO2 sequestration simulation 

The fluvial sandstone reservoir in the Nam Vang field was adapted for compositional 

reservoir simulation to CO2 sequestration through continuous and WAG process. The 

principal pay did not contain the faults or complex structures in the reservoir. It classified 

as two lithology types such as sand and shale. The detailed reservoir description has been 

described in Chapter 3. 

The upscale geological models were exported to construct the compositional reservoir 

simulation for CO2 sequestration study. First, the sensitivity analysis was performed for 

the injection rate and geological modelling aspect. Then, the comparison of continuous 

injection and WAG technique was conducted to demonstrate the effectiveness of injection 

strategies on CO2 sequestration performance. The base case of the WAG process will be 

employed in Chapter 5 for optimization purposes. 

4. 3.  Result and Discussion 

4. 3. 1.  Sensitivity analysis 

4. 3. 1. 1.  Injection rates 

The injection rates vary from 50000 tons/year to 142000 tons/year. The pressure build-up 

is the criterion for selecting the injection rates. The fracture pressure of this study was 

defined as 32MPa. This pressure prevents the cap-rock broken during the injection process.   

Figure 4.5 depicts the result of the sensitivity analysis for injection rates in this study. The 

sensitivity analysis of the injection rate is necessary for CO2 sequestration in terms of 

economic and safety projects. 

The injection rate at 142000 tons/year is a suitable case for this study because the pressure 

build-up is below 32 MPa. This injection rate is approximate with the previous research to 



 

59 

 

perform the CO2 injection in a meandering fluvial system (Nguyen et al., 2017a). These 

authors were injected 100000 ton/year in the deep saline aquifers at the Shenhua site, Ordos  

Basin, China.  

Table 4.1 Input parameters for simulation study 

 

 

 

 

 

 

 

 

Figure 4.5 The sensitivity analysis of injection rate in this study 

Parameters                                                                                                                                       Values 

Length (m)                                                5000 

Width (m)                                                                                                  2000   

Thickness (m)                                                          100  

Depth of top of the reservoir (m)                                                                  2076 

Depth of bottom of the reservoir (m)                                                            2176 

Number of cells (I ×  J ×  K)                                                48000   

Pressure at 2076 m depth (bar)                                                200 

Temperature (°C)                                                                                                                               70 

Vertical to horizontal permeability ratio                                                                                       0.1 

Salinity (ppm)                                                                                                                                                                           40000 

Injection depth (m)                                                                                                                  2160 

Fracture pressure (MPa)                                                                                                                          40 

Safety pressure (MPa)                                                                                                              32 
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4. 3. 1. 2.  Geological parameters  

The CO2 injection is performed in a fluvial channel sandstone reservoir. Therefore, it is 

necessary to consider the effect of channel geometry on the CO2 plume dynamic. Also, the 

anisotropy is investigated for the CO2 plume shape. This parameter is influenced by the 

vertical permeability distribution of the reservoir. Table 4.2 summarizes the sensitivity 

parameters for geometry and anisotropy. 

       Table 4.2 The geological parameters for sensitivity analysis 

 

 

 

The simulation results show that the CO2 plume shape is so sensitive to the geometry 

channel. As can be observed in Figure 4.6, the CO2 migration changes in different forms 

when we compare three cases. For this reason, the geometry of a channel is one of the 

essential parameters for the CO2 injection in a fluvial depositional environment. Thus, the 

facies modelling should be carefully considered for the fluvial channel reservoir.  

Chapter 3 was mentioned how successful distribution for the facies model. 

Scenarios Channel width Anisotropy 

Case 1 300-900 (m) 0.1 

Case 2 900-1350 (m) 0.5 

Base case 150-450 (m) 0.7 
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Figure 4.6 Channel geometry and CO2 plume dynamic 

Then, the anisotropy is continued the sensitivity analysis for CO2 plume dynamic. The 

anisotropy (kv/kh) is considered as the ratio of vertical permeability (kv) and horizontal 

permeability (kh). This ratio is effect by the vertical permeability distribution for the 

reservoir simulation model.  

Figure 4.7 depicts the CO2 evolution in the fluvial sandstone reservoir. The CO2 saturation 

in the high case is extent large than the low case. As can be seen in Figure 4.7, the CO2 

plume shape of base case expanded the immense distance because of the anisotropy ratio 

higher than Case 1 and Case 2. It is because of the permeability effect of CO2 flow. 
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Figure 4.7 Anisotropy effect to CO2 plume shape  

The result of sensitivity analysis demonstrated the important geological factors in CO2 

storage assessment. Thus, the geological factors will be considered for optimization CO2 

storage in Chapter 5.  

4. 3. 2.  Impact of injection strategies on enhancing CO2 sequestration performance 

The WAG process was simulated and compared with continuous CO2 injection to 

demonstrate the effectiveness of WAG injection concerning the specific reservoir. 

 In both injection scenarios, 1420000 tons of CO2 were injected over 20 years. The rate of 

continuous CO2 injection was set at 0.071 Mt/year. In the WAG process, the injection rate 

was set at 0.142 Mt/year. The WAG process consisted of 10 years of CO2 injection, 

followed by 10 years of water injection with 60-day water injection and 60-day CO2 

injection phases. All injection scenarios were followed by a 40-year observation period, 

during which the residual and solubility trapping capacities for CO2 were compared (Vo 

Thanh et al., 2020). 
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Figure 4.8 depicts the results of residual and solubility CO2 trapping for the WAG 

technique in comparison with continuous CO2 injection. For instance, the residual and 

solubility CO2 were 398 000 and 131 000 tons, respectively, in the continuous injection 

case by the end of the simulation period. The total CO2 trapping of continuous injection 

was 529 000 tons. However, the WAG process resulted in 579 000 and 296 000 tons for 

residual and solubility CO2 trapping, respectively. The total CO2 trapping of the WAG 

process is 875 000 tons. This result indicated that WAG injection considerably enhances 

CO2-trapping efficiency (Vo Thanh et al., 2020). 

Moreover, the WAG injection improved the residual trapping by improving macro-scale 

and micro-scale sweep efficiencies within the reservoir. WAG process increases CO2 

trapping by increasing residual CO2 saturation and enhancing CO2 imbibition (Herring et 

al., 2016). Also, the water injection cycle was prevented CO2 bubble moving upward and 

promoted CO2 spreading in the porous media (Nghiem et al., 2009).  

In the case of enhanced solubility trapping during cyclical WAG injections, a more 

abundant CO2–water contact surface has increased the lateral spreading of CO2 (Doughty, 

2010).  

Moreover, water flooding not only increases the water available for dissolution of CO2, but 

also pushes the CO2 plume further away from the injection well, which improves the plume 

volume subject to residual immobilization (Joodaki et al., 2017)         

CO2 trapping in WAG and continuous injection scenarios increased rapidly after the 20-

year injection period and the subsequent shutting down of the well. This increase was due 

to the migration of CO2 after injection caused by drainage and imbibition processes.  
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CO2 trapping led to the displacement of brine in the aquifer at the leading end of the flow 

and the subsequent trapping of CO2 as brine displaced CO2 (Blunt, 2018).  

CO2 trapping was demonstrated to be advantageous for long-term storage, as trapped CO2 

accumulates and may dissolve or react with the host rock but cannot flow and escape from 

the saline aquifer.  

Also, Iglauer (Iglauer, 2017) stated that a significant fraction of the initial saturation of 

injected CO2 could be trapped after injection, thereby limiting the migration of mobile CO2 

and decreasing leakage.  

 

Figure 4.8  CO2-trapping comparison between WAG and continuous CO2 injections: 

(a) & (c) residual CO2 trapping, (b) & (d) solubility CO2 trapping (Vo Thanh et al., 

2020) 
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The result of WAG injection is considered a base case scenario for optimization studies in 

Chapter 5. We can see that the amount of CO2 trapping could enhance by optimization 

water and gas cycle lengths. The optimization task will be elaborated detail in Chapter 5. 

The critical role of cyclic water injection will be illustrated in the pore-scale of storage 

rocks. The water flooding was prevented the CO2 bubble rising to the cap-rock by buoyancy 

effect. Therefore, the residual trapping was improved by CO2 bubble moving back into the 

pore throats of porous media.  In the case of dissolution trapping, the water injection was 

enhanced the CO2 trapping by supplying the water for the convection mixing process of 

CO2 and water in saline aquifers. Also, cyclic water injection has supported a more 

abundant CO2–water contact surface that increased the lateral spreading of CO2. Figure 4.9 

illustrates the CO2 trapping mechanism in porous media.  

 

                                  Figure 4.9 Schematic of CO2 trapping in porous media 
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4. 4.  Conclusions 

Some key points need to highlight in this chapter. 

1. The geometry of the channel was the most important in a fluvial deposit. The CO2 

plume migration is so sensitive to the parameters of fluvial channels. The higher 

anisotropy led to extend more CO2 movement on the flat side. Thus, facies 

modelling should consider carefully in a fluvial reservoir for CO2 storage purposes. 

2. Our results were demonstrated that improved the residual and solubility trapping in 

heterogeneous fluvial sandstone reservoirs. The WAG injection was improved total 

CO2 trapping by approximately 25% compared with the continuous CO2 injection 

process. 

3. Our simulation results were proposed as the way for improving the CO2 storage 

efficiency in terms of residual and solubility trapping. Thus, WAG was a high 

recommendation for the injection scheme. 
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CHAPTER 5                                                                                            

ROBUST OPTIMIZATION OF CO2 TRAPPING USING 

WATER ALTERNING GAS PROCESS UNDER 

GEOLOGICAL UNCERTAINTIES 

5. 1.  Introduction 

As described in Chapter 4, the Water Alternating Gas (WAG) injection has been 

recommended for enhancing CO2 trapping in the reservoir. The performance of the WAG 

process could improve by optimization approaches. Besides, the optimization of the WAG 

technique requires a solution for finding the most optimal injection rates and cycle length 

for CO2 sequestration. Recently, Zhang and Agarwal (2013) used the genetic algorithm to 

define the CO2 and water injection rates for the enhancement of CO2 trapping. However, 

this work did not include the gas and cycle lengths under geological uncertainties on the 

optimization approaches. Geological uncertainties are an inherent characteristic of the 

petroleum exploration and exploitation process. The uncertainty can be related to 

subsurface data collection and interpretation of those data (CMG, 2019). Also, Geological 

uncertainties exhibit notable influences on the behavior of CO2 injection (Aminu et al., 

2017; Welkenhuysen et al., 2017). Thus, the effect of geological uncertainties must be 

before the robust optimization CO2 sequestration solution can be confirmed.  

Many studies have been integrated geological modeling and robust optimization process to 

determine optimal solutions while considering geological uncertainties.  

This process, including low-salinity water injection process (Dang et al., 2016), hybrid 

alkaline-surfactant-polymer flooding (Dang et al., 2018), gas-assisted gravity drainage 
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process (Al-Mudhafar et al., 2018), unconventional reservoirs (Nguyen et al., 2016), well 

placement optimization (Jesmani et al., 2020), water flooding optimization (Pinto et al., 

2019; Yasari and Pishvaie, 2015), steam-assisted gravity drainage process (Fedutenko et 

al., 2013; Yang et al., 2011), has been adapted in several improved oil recovery/Enhanced 

Oil Recovery studies. However, the robust optimization of CO2 trapping using WAG 

technology has not been studied.  

Therefore, this chapter presents an optimization workflow to maximize field-scale trapping 

of CO2 using the WAG process while considering the effects of geological uncertainties 

on the simulation results.  

5. 2.  Methodology 

5. 2. 1.  Optimization techniques 

In this study, the optimization approaches of the WAG process included experimental 

design techniques, such as design exploration and controlled evolution (DECE) and Latin 

Hypercube Design (LHD). The DECE algorithm was applied through the following steps: 

Design exploration and controlled evolution. In the design exploration step, simulation jobs 

were created by randomly selecting levels for each parameter through a Tabu search and 

experimental design (CMG, 2019; Yang et al., 2007). In the controlled evolution step, the 

statistical analysis was observed for the simulation results received from the design 

exploration stage (Yang et al., 2007). A gene and allele represented each parameter and 

level, respectively. Analyzing which gene had notable effects on the objective function was 

completed by observing which allele diminished the undesirable results. 

This process aims to reach the maximum amount of information with a minimized number 

of simulation experiments. The main advantages of the DECE approach are its capability 
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to obtain an optimal solution rapidly compared with other designs of experimental tools 

and deviate from being trapped in the local optima while inspecting deactivated alleles. 

The duplicated validation of the deactivated alleles guaranteed that these alleles would not 

be returned into the approach (CMG, 2019; Yang et al., 2007). The DECE was adopted in 

this work for the nominal optimization of the WAG process under geological uncertainties.  

The LHD was a statistical sampling tool used to generate samples from the input 

parameters to develop numerous computer experiments from a multi-dimensional 

distribution (Mckay et al., 2000). The minimum experiments could capture several levels 

of variation for each parameter through sampling techniques to provide limited data points 

via the design domain in uniform dissemination through a space-filling design (Bhat, 2001). 

The LHD was also an enhancement procedure for creating a new group of experiments in 

a random manner if the initial dataset did not represent the problem. According to Stein 

(1987) (Stein, 1987), no accuracy workflow is available to help determine the number of 

experiments that could be generated. 

In this work, the LHD was used for the robust optimization of the WAG process under 

geological uncertainties that were defined by generating several realizations. This tool 

generated the training dataset of simulation jobs that were assessed by the CMG reservoir 

simulation software to calculate the amount of CO2 storage. This procedure allowed users 

to accomplish an optimization study easily.  

5. 2. 2.  Optimization under geological uncertainties 

Geological uncertainties were important concerns in reservoir simulation, which aims to 

capture a highly realistic geological environment. Because of the evaluated effects of 

reservoir properties on the WAG process for CO2 sequestration, the optimization workflow 
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should consider the geological uncertainties and not depend on a single realization. For this 

reason, a large number of realizations were generated by combining object-based 

modelling and sequential Gaussian simulation. Then, these realizations were evaluated in 

CMG-CMOST optimizer integration with Petrel software to rank them and determine the 

three quantiles (P10, P50, and P90). These realizations were represented the overall 

geological uncertainty. Subsequently, the selected geological realizations and experimental 

design were incorporated into the optimization process. This type of optimization under 

geological uncertainty was named as robust optimization (CMG, 2019; Yang et al., 2011). 

The nominal and robust optimization approaches were used for the WAG process.  

5. 2. 3.  Robust optimization workflow 

The nominal optimization was based on a single realization of each reservoir parameter. 

The core sample and well logs were combined with various geological properties, such as 

porosity and permeability, due to inherent uncertainties from seismic data. Including these 

uncertainties in the optimization process is crucial (Yang et al., 2011). 

Multiple realizations of reservoir properties were created by the geostatistical stochastic 

method to quantify uncertainties in a geological model (Fedutenko et al., 2013). The 

following equation described the unknown space ( ) from the three ranked geological 

realizations for each reservoir property ( d ). 

  1 2, ,.....,
rd N     ,                                                                                               (1) 

where Nr is the total number of ranked geostatistical realizations. 

The objective function in this optimization problem was CO2 residual and dissolution 

trapping calculated by the end of 20-year injection and 40-year post-injection prediction 

periods. 
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Suppose that the CO2 trapping (objective function) in the WAG process optimization is J, 

the optimization parameter is L, and the geostatistical realization is d . The objective 

function under geological uncertainties is defined as follows (Yang et al., 2011): 

 , dJ H L  ,                                                                                                                   (2) 

where H is a transfer function. To consider the uncertainty expressed by multiple 

geological realizations, the objective function in robust optimization ROJ  can be 

formulated as follows (Van Essen et al., 2009):  

               , . ,
d dRO d dJ E H L r H L           ,                                                                     (3) 

where 
d

E  denotes the expected value over the geostatistical uncertainty space of all 

realizations d , 
d

  represents the variance, and r  indicates the risk aversion factor (Van 

Essen et al., 2009). 

Assuming that all realizations are equiprobable models, the expected value becomes the 

average of all geological realizations: 

   
1

1
, ,

r

d

N

d d

ir

E H L H L J
N

  


     .                                                                          (4) 

By taking Equation (4) into Equation (3), the final equation of a robust optimization 

objective function could be rewritten as follows (Yang et al., 2011): 

  
2

1

1
. ,

1

rN

RO d

iR

J J r H L J
N




  

 .                                                                          (5) 
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Figure 5.1 illustrates the flowchart of robust optimization. The workflow of the robust 

optimization process was summarized as follows (Vo Thanh et al., 2020): 

1. Create the geological realizations. A big-loop modeling workflow was adapted to 

create NT geological realizations (NT = 200 realizations). 

2. Rank NT geological realizations using a reliable method. For this study, the direct 

numerical simulations of the ranking process using a coarse grid adapted from chapter 

4 to complete for the 200 generated geological realizations, and the results were ranked 

based on calculated performance (e.g., cumulative CO2 injection). The baseline WAG 

parameter was the same as the datasets in Chapter 4. 

3. Choose a number of representative realizations (NR) for robust and nominal 

optimizations. Cumulative CO2 injection from the 200 previously generated 

realizations was reviewed after plotting the results on the same chart. After the 

probability of CO2 cumulative injection distribution was reviewed, three realizations 

(P10, P50, and P90) were ranked and selected for robust optimization.  

4. Conduct optimization. The P50 CO2 cumulative injection from point (3) was used for 

the nominal optimization, whereas the selected NR representative realizations (P10, P50, 

and P90 in this study) were used to compute the objective function for robust 

optimization (Equation (5)).  

5. In this study, the global objective function was formulated through average CO2 

trapping. This objective function was adapted from another optimization study 

(Nguyen et al., 2016). These average parameters were the sum of each geological 

realization with the same combination divided by the number of realizations (CMG, 

2019): 
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(6) 

 

Where the variables CO2TRAP1, CO2TRAP2, and CO2TRAP3 are CO2 trappings for the P10, 

P50, and P90 geological realizations, respectively.  

6. Quality control and comparative analysis. The results of the robust and nominal 

optimization workflows were reviewed and compared for conclusive analysis. 

 Figure 5.2 depicts the comparison of two workflows.  

 

Figure 5.1 Optimization flowchart used for this study (Vo Thanh et al., 2020) 
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Figure 5.2 Comparison workflow of Nominal optimization and robust optimization 
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5. 3.  Result and Discussion 

5. 3. 1.  Optimization of CO2 trapping 

The length of cycles in the WAG process is discrete known parameters, while the porosity 

and permeability are treated as uncertainty parameters to optimize the objective function 

(cumulative CO2 trapping). Table 5.1 describes the design parameters for the WAG 

optimization process (Vo Thanh et al., 2020).  

Table 5.1 Variable constraints used in optimizing study (Vo Thanh et al., 2020) 

 

Variable constraints represented for the minimum and maximum pore volume (PV) 

injected. We can compute the PV injected for the range of injected CO2 (30–120 days) by 

using the CO2 injection rate and the reservoir PV.  

For instance, the PV of the reservoir is 115 518 000 m3. The cumulative CO2 injection as 

the base case injected within 60 days is 2 251 308 m3. The total slug size is 1.95 PV when 

the cumulative CO2 is divided by the PV. This procedure will act as the base to calculate 

the lower and upper limits for the optimization process. In this case, the lower bound is 

0.97 PV, and the upper bound is 3.9 PV (Vo Thanh et al., 2020). 

Furthermore, the ranking process in this work was achieved by integrating a geological 

modeling package (Petrel), a reservoir simulator (CMG-GEM), and an Intelligence 

optimizer (CMG-CMOST) into a single workflow (Figure 5.1). 200 realizations of the 

geological model were created from the base-case model (Vo Thanh et al., 2020). 

Parameter Lower bound Base case Upper bound Step 

Gas cycle length (days) 30 60 120 10 

Water cycle length (days) 30 60 120 10 
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A range of geological variables, including the global seed number, variogram (horizontal 

and vertical ranges), and azimuth values, was created using the Petrel geological package 

(Table 5.2). Consequently, Petrel was used to create the new realization considering the 

varied global seed number, variogram, and azimuth values while CMOST-AI was running. 

These values are uncertainty variables in modelling process. Thus, determining the 

minimum and maximum amounts to change the distribution of facies, porosity, and 

permeability in the reservoir was necessary (Vo Thanh et al., 2020). 

Table 5.2 Parameters for a creation of geological realizations (Vo Thanh et al., 2020) 

Parameter Lower Limit Base case Upper Limit Step 

Horizontal range 1000 1800 3600 200 

Vertical range 10 20 30 2 

Azimuth 15 25 35 5 

Global seed number 1000 8000 16000 500 

 

Then, these geological realizations were automatically transferred to the reservoir 

simulator to perform the WAG simulation and compute the cumulative trapped CO2 within 

a 20 year injection period. After that, the reservoir simulation results were input into the 

AI-optimizer, which subsequently created the new geological model realization and 

initiated the next simulation. The rate and pressure of WAG injection were the same as 

those for the base case model. 

Figure 5.3 highlights the cumulative CO2 injection results for the 200 randomly generated 

geological realizations. Also, Figure 5.4 depicts the probability distribution function of the 

cumulative CO2 injection and highlights the P10, P50, and P90 realizations.  
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Figure 5.3 The plausible scenarios for the cumulative CO2 injection, later used for 

the ranking process (Vo Thanh et al., 2020) 

 

Figure 5.4  The probability density function of the cumulative CO2 injection (Vo 

Thanh et al., 2020) 
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Moreover, Figures 5.5 depicts the three-dimensional images of the selected porosity and 

horizontal and vertical permeability for each of the P10, P50, and P50 realizations, 

respectively 

 

Figure 5.5 The ranked of 3D porosity, horizontal permeability, and vertical 

permeability models (Vo Thanh et al., 2020) 
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As shown in these figures, the notable differences observed among the three selected 

realizations are indicative of the overall uncertainty of the reservoir. 

We presented the results of the ranked P10, P50, and P90 realizations for the robust 

optimization framework following the method of Al-Mudhafar et al. (2018).  

These authors proposed a successful framework for the robust optimization of a GAGD 

process by considering the three realizations to reduce risks through a precise analysis of 

the model uncertainties. Besides, the P50 cumulative CO2 injection scenario adapted for 

the nominal optimization approach. This scenario later used for comparison with the robust 

optimization framework (Vo Thanh et al, 2020). 

5. 3. 2.  Result of robust optimization 

The P10, P50, and P90 realizations of porosity and permeability distribution were used to 

constrain the geological models adapted in the robust optimization workflow.  

The parameterization used to conduct the robust optimization framework is highlighted in 

Table 5.1. The robust optimization approach investigated 250 optimal samples from a total 

of 750 simulation jobs across the three ranked geological realizations. This large number 

of simulation runs enabled enhancement of the robustness of the optimal solution identified 

by the robust optimization framework relative to the result of the nominal optimization 

framework. The dual-core computer (3.6 GHz, 16 GB) was used for the optimization 

approaches.  

The CPU time of each simulation job was 1 hour and 30 minutes to finish one simulation 

run. Thus, the main issue of the robust optimization framework is computation cost. To 

address this issue, the CPU resources should be upgraded to reduce the simulation time.  
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Figure 5.6 shows the amount of dissolved and residually trapped CO2 computed for all the 

simulations tested as a part of the robust optimization framework. As observed, the most 

optimal solution (Figure 5.6, a highlight in red) reveals the highest amount of trapped CO2, 

as estimated at the end of the injection and post-injection phases.  

Figure 5.7 displays numerous general solutions and the optimal solution created by the 

robust optimization framework in comparison with the base case. The optimal solution, 

recommended by the dashed purple line, defines the highest residual and solubility trapping 

CO2 at the end of the injection and post-injection phases.  

Figure 5.8 indicates the cross plot between trapped CO2 and the input WAG parameters as 

defined for the robust optimization, demonstrating the optimal level of each parameter 

corresponding to the robust optimal solution. 

 Hereto, the optimal strategy (30/120 cycle lengths) was 30 days of CO2 injection followed 

by 120 days of water injection. 

 In the next sections, results from the nominal optimization and further comparison with 

the robust optimization are investigated, respectively (Vo Thanh et al., 2020) 
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Figure 5.6 The robust optimization process from Latin Hypercube Design for 

residual (top) and dissolution trapping (bottom) (Vo Thanh, et al., 2020) 



 

82 

 

 

 
Figure 5.7 The time series of residual (top) and dissolution trapping (bottom) for 

robust optimization workflow (Vo Thanh et al., 2020) 
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Figure 5.8 Cross plot depicting the relationship between the objective function 

(trapped CO2) and WAG cycle length (Vo Thanh et al., 2020). 
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5. 3. 3.  Result of nominal optimization 

Similar in the previous section, this section explains the results from the nominal 

optimization workflow based on the P50 geological realization to enhance the performance 

of the WAG process relative to that calculated for the initial base case. The DECE approach 

applied to the nominal optimization of the WAG process. This approach determines the 

optimal solution with few simulation jobs compared with other experimental design 

methods.  

Figure 5.9 depicts the objective function based on simulation experiments from the 

nominal optimization workflow as computed for the 20-year injection and 40-year post-

injection periods. In these figures, the optimal solution obtained in a small number of 

simulation experiments without being trapped by local optimal. To verify the efficacy of 

the optimization workflow, the results of the base case scenario before optimization 

illustrate in black filled circles (Figure 5.9). Relative to this base-case scenario, the effects 

for the optimal experiments (red-filled diamonds) enhance through a series of iterative 

experiments (blue circles, Figure 5.9). The amounts of residual and solubility trapping CO2 

computed for the WAG injection base case and the nominal optimal solution display in 

Figure 5.10.  

The optimal solution is the highest value of residual and solubility trapping. Comparison 

between the base case and the optimal solution based on the P50 realization of the 

geological model indicates that a significant increase in CO2 trapping can be obtained 

through WAG process optimization. The nominal optimization values of residual and 

solubility trapping CO2 were 747,000 and 327,000 tons, which were 168,000 and 310,000 

tons more than those computed for the base case. 
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 Also, Figure 5.11 shows the optimal WAG parameter for nominal optimization. The 

optimal strategy (50/100 cycle lengths) was 50 days of CO2 injection, followed by 100 

days of water injection.  

 

 
Figure 5.9 The nominal optimization process from DECE for residual (top) and 

dissolution trapping (bottom) (Vo Thanh, et al., 2020) 
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Figure 5.10 The time series of residual (top) and dissolution trapping (bottom) for 

nominal optimization workflow (Vo Thanh et al., 2020) 
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5. 3. 4.  Robust optimization versus P50 nominal optimization for CO2 trapping 

The robust optimization result is now compared with nominal optimization to demonstrate 

effectiveness in handle geological uncertainties. Figure 5.11 highlights the comparison of 

dissolution and residual CO2 trapping between nominal and robust optimizations from 

WAG optimization.  

 

Figure 5.11 Comparison of CO2 trapping between robust and nominal optimization 

(Vo Thanh et al., 2020) 

The robust optimization procedure for improving total CO2 trapping (residual and 

dissolution) led to the output of 1.278 million tons, resulting in approximately 204,000 tons 

of total CO2 trapped, which is higher than that of the nominal optimization. For instance, 

after a 40-year storage period, 90% of CO2 was residual and dissolution trapped in the case 

of robust optimization, whereas only 75% of CO2 was trapped in nominal optimization. In 
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the statistical aspect, the mobile CO2 was only 10% for robust optimization, whereas it was 

25% for nominal optimization.  

Moreover, this section uses individual analysis results for both robust and nominal 

optimization, and we now address the question: how is robust optimization better than 

nominal optimization? To answer this, we sought a comparative analysis between robust 

and nominal optimization and explored questions to bring clarity to which optimization 

procedure accounts for most geological uncertainty during CO2 sequestration.  

The ultimate goal is to determine which of these two workflows fully capture all 

uncertainties associated with CO2 sequestration, clarifying all operational ambiguity. 

Therefore, two-cycle lengths: 30/120 and 50/100, were used to simulate three realizations-

P10, P50, and P90 in the case of robust optimization for valid comparison to one realization 

(P50) in the case of nominal optimization. Figure 5.12a and 5.12c depict the quantitative 

comparison of trapped CO2 (soluble and residual) for both the nominal and robust optimal 

solutions, respectively (Vo Thanh et al.,2020).  

In all cases, the P10 of the robust optimization lies below the P50 result for nominal 

optimization, and the P90 of robust optimization provides the highest value for trapped 

CO2. A similar analysis illustrates in Figure 5.12b and 5.12d, for the case of 50/100 cycle 

lengths. Therefore, in all likelihood, the comparative results for the two optimal scenarios 

demonstrate that the robust strategy is better than the nominal plan.  

This is because the robust optimization gives three different scenarios, compared with only 

one for nominal optimization; this, it provides a flexible possibility of having more trapped 

CO2 (i.e., P90) by tuning the geological and reservoir parameters in this direction. 

Furthermore, to demonstrate the robust nature of randomly generating geological 
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realizations and applying our proposed workflow, five random realizations were sampled 

from the overall set of 200 created realizations to contrast CO2 trapping in both optimal 

strategies effectively. 

 Figure 5.13 depicts a comparison of residual and dissolved CO2 using five random 

realizations. As can be seen in this figure, the 30/120 cycle lengths led to an on-average 

higher amount of CO2 trapping than 50/100 cycle lengths in all five realizations. Besides, 

on average, during robust optimization, 30/120 cycle lengths are recommended over 

50/100 cycle lengths. 

 

 

Figure 5.12 Nominal and robust strategy applied for three realizations (P10, P50, and 

P90): (a) comparative residual CO2 trapping against time; (b) comparative solubility 

CO2 trapping against time; (c) CO2 residual trapping for the two optimal strategies; 

(d) CO2 solubility trapping for the two optimal strategies (Vo Thanh, et al., 2020) 
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Figure 5.13 Robust optimization for five randomly generated geological realizations: 

(a) comparative residual CO2 trapping against time; (b) comparative soluble CO2 

trapping against time; (c) amount of CO2 residual trapping for each assessed cycle 

length; (d) amount of soluble trapped CO2 for each cycle length (Vo Thanh et al., 

2020) 

After obtaining the optimal solutions based on the robust optimization, the uncertainty 

quantification was conducted using statistical theory (such as probability density function 

and cumulative distribution function. The strengths of the robust optimization was showed 

by providing the ranges of distribution of input parameters. Figure 5.14 depicts the 

histogram and cumulative probability distribution function of the quantified uncertainty 

effect on CO2 trapping. The figure also highlights the P10, P50, and P90 results of the 

residual and solubility trapping. The wide range of calculated trapped CO2 demonstrates 
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the crucial role of quantifying the geological uncertainty in the WAG process for CO2 

storage. Moreover, robust Optimization takes geological uncertainty into account, by 

considering 200 realizations in combination with other optimization parameters in an 

attempt to find a risk-weighted solution that will work for all scenarios (CMG, 2019). This 

rigorous optimization workflow significantly reduces risk and increases the probability of 

success. 

 

Figure 5.14 Uncertainty assessment for robust optimization: (a) residual CO2 

trapping; (b) dissolved CO2 trapping (Vo Thanh et al., 2020) 
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Moreover, Figure 5.15 illustrates the CO2 saturation for the base case and the nominal and 

robust optimizations. As can be observed in this figure, the less free gas remained at the 

top of the formation after maximizing CO2 trapping under geological uncertainties. This 

result demonstrates how robust optimization improves safety storage through either 

maximizing the residual trapping and dissolution of CO2 or minimizing free CO2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.15 Free CO2 saturation for the base case and the nominal and robust 

optimizations for the WAG process (Vo Thanh et al.,2020) 
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The efficiency of robust optimization workflow is clear confirmation through it shifts the 

whole CO2 trapping to a higher value. However, it has a limitation in the high 

computational cost; one of the important problems is the determination of the number 

ranked geological realizations. The long run time for large geological models may lead to 

robust optimization impractical. For that reason, there are two main points for this problem: 

(1) capturing the effect of geological uncertainty parameters; (2) optimized the 

computation costs and ran time-based on available computer sources.  

The more geological realizations selected, the better the uncertainty analysis accomplished, 

and the reducing risk for prediction and development. Besides, the number of ranked 

geological realizations for robust optimization depends on some factors, such as the 

structure of reservoir geology, the number of grid cells in the reservoir model, and the 

capacity of computer sources. Thus, there are no limited minimum or maximum 

realizations selected for robust optimization workflow, and these must be determined for a 

specific study. This study introduces an investigation of robust optimization with three 

ranked geological realizations for the WAG process in this particular. Based on the result 

of comparison with nominal optimization, robust optimization using three representative 

geological realizations supports the better way to consider geological uncertainties for the 

WAG process to enhance CO2 trapping, for this specific case study. It is important to 

mention that this may not be true for all reservoir models to conduct a WAG process in 

CO2 sequestration. The number of selected ranked should be carefully considered for each 

study to evaluated the effect of a geological model as well as to optimal available computer 

sources. In summary, this study proposed the integrated modeling and robust optimization 

workflow to enhance CO2 storage efficiency under geological uncertainties in a 
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heterogeneous fluvial sandstone reservoir. The presented workflow can be employed to 

improve CO2-trapping capacity within other real-scale field projects. This methodology 

can also be adapted in different aspects of CO2 storage, EOR, and other engineering/science. 

5. 4.  Conclusions 

This chapter presented a robust optimization workflow to determine the optimal strategy 

of the WAG process for CO2 sequestration in a real fluvial sandstone reservoir. The 

following key points can be drawn from our results: 

 Ranking of plausible geological models as presented in this study is a highly accurate 

method of integrating geology and reservoir parameters in developing field-scale 

models of CO2 sequestration 

 A robust optimization workflow that explicitly considers geological uncertainty can 

be successfully used to optimize CO2 trapping in a real heterogeneous reservoir. This 

robust optimization method could not only improve CO2 trapping efficiency but also 

reduce project risks in light of geological uncertainties. 

 Although the nominal optimization workflow can also be used to enhance CO2 

sequestration by WAG injection, the optimal solution based on a single realization of 

the geologic model does not capture the effects of the significant uncertainties 

inherent in a large number of plausible geological models.  

 If multiple realizations of the geological models are investigated for the effectiveness 

of CO2 sequestration, the techniques demonstrated by this study could be further 

applied to similar projects to provide rapid technical or economic analyses. Because 

the robust optimization process is relatively easy to perform, the method used in this 

study can readily contribute to future studies of CO2 sequestration by WAG injection. 
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CHAPTER 6                                                                 

CONCLUSIONS AND RECOMMENDATIONS 

6. 1.  Conclusions  

The geological uncertainties are very decisive factors to accomplish reliable predictions 

for future reservoir performance in CCS projects. Thus, integrated geological modelling 

for lithofacies (rock-type) and petrophysical properties was employed to generate the most 

reasonable geo-system. Then, the integrated geological models are acquired to construct 

accurate reservoir simulation models to enhancement the CO2 trapping through the Water 

Alternating Gas (WAG) process. Ultimately, the robust optimization framework was 

developed to determine the optimal injection strategies under geological uncertainties.  

The key findings were obtained from the entire research in this dissertation that is outlined 

below: 

6. 1. 1.  Integrated geological modelling  

A new geological modelling workflow has been successfully developed to predict the 

distribution of 3D lithofacies, porosity, and permeability models. It was compared with the 

conventional modelling workflow to prove the accuracy models by the history matching 

process. In particular, the object-based modelling (OBM) was adapted for 3D lithofacies 

modelling of fluvial sandstone main pay in the Nam Vang field, southern offshore Vietnam. 

Moreover, multiple lithofacies realizations were generated for ranking purposes.  

The Sequential Gaussian Simulation (SGS) was used to conditioning the lithofacies 

distribution to porosity and permeability models. Then, the correlation between SGS values 

and measurement values was plotted to select the most suitable lithofacies model using 

OBM. Also, the ANN plays an essential role in improving the reasonable 3D porosity and 
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permeability models. The Artificial Neural Networks could support for petrophysical 

modelling with limitation subsurface data. Furthermore, the co-kriging techniques are 

instrumental in combining the lithofacies and ANN values into a single model. Last but not 

least, Drill Stem Test (DST) data is vital to evaluate the accuracy models from static 

modelling to dynamic simulation.  

6. 1. 2.  Reservoir simulation of CO2 sequestration 

The reservoir simulation was found that the reservoir heterogeneity and injection 

techniques affect CO2 storage performances. The channel shapes are so sensitive to CO2 

plume migration. Therefore, the lithofacies model must be carefully constructed in fluvial 

deposits to improve CO2 sequestration assessment.  

Moreover, this study was proven that the Water Alternating Gas process was strongly 

enhancement of CO2 trapping. The WAG technology improved residual and solubility 

trapping greater than 25% compared with the continuous CO2 injection process. Thus, we 

proposed that the WAG technique improve CO2 storage efficiency, and the WAG process 

is the preferred injection strategy in CCS project. 

6. 1. 3.  Robust optimization of CO2 trapping using Water Alternating Gas process 

under geological uncertainties 

We found that the nominal optimization no long suits full-field simulation for CO2 

sequestration, considering for geological uncertainties. The nominal optimization 

approaches only evaluate a single distribution of petrophysical properties; thence, the 

optimization results cannot be validated in light of known uncertainties in reservoir 

simulation models. However, our proposed robust optimization framework consists of 



 

97 

 

geological uncertainties, by that removing any vagueness associated with CO2 

sequestration project.  

Moreover, the nominal optimization used 50 days of gas injection and 100 days of water 

injection. But the robust optimization used 30 days of gas injection and 120 days of water 

injection. We demonstrated that the strategy recommended by the "robust" optimization 

(i.e., 30/120 cycle lengths) is better than the plan supported by the "nominal" optimization 

(i.e., 50/100 cycle lengths) based on a variety of metrics.  

Thus, the robust optimization method (using three realizations) is superior to the nominal 

optimization method (using only one realization). Therefore, the proposed robust 

optimization framework can improve the CO2 trapping efficiency as well as reduce the 

project risks in light of geological uncertainties 

Besides, the nominal optimization led to 13% enhance in total CO2 trapping over the WAG 

base case. However, the robust optimal solution increased the full CO2 trapping by 15% 

over the nominal optimization case (28% larger than the WAG base case).  

More specifically, the base case, nominal, and robust optimization of the WAG process led 

to total trapping of 0.875, 1.074, and 1.278 million tons of CO2, respectively. All these 

results reflect the necessity of considering geological uncertainties in the optimization 

approach of the WAG injection application in real reservoir evaluations.  
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6. 2.  Recommendations 

Although an extensive study was conducted to continue this study. The future works are 

suggested to perform, as outlined below: 

1. More geological realizations could be incorporated into the robust optimization 

workflow to improve the optimal solution in the CO2 storage project. 

2. The Artificial Neural Networks could be applied to generate the data-driven models 

to predict the CO2 storage performance in other storage sites. 

3. A machine learning-based optimization framework could apply to build the smart 

proxy model for predictive purposes. 

4. The robust optimization workflow could be adapted to assess the CO2 storage 

performance in fractured reservoirs and unconventional formations. 

5. The WAG simulation in this research was conducted based on the object-based 

modelling. It is recommended to implement the WAG simulation based on the 

multi-point statistic to compare between two approaches in terms of history 

matching, optimization, and uncertainty analysis. 

6. Optimization of injection CO2/production brine well locations could conduct to 

maximize the CO2 trapping in future projects. 

7. For fast and robust prediction tools, the comprehensive machine learning methods 

could apply for the WAG process in the real reservoir. 
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