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Abstract
Deep saline formations are considered as potential sites for geological carbon storage (GCS). To better
understand the CO2 trapping mechanism in saline aquifers, it is necessary to develop robust tools to
evaluate CO2 trapping e�ciency. This paper introduces the application of Gaussian process regression
(GPR), support vector machine (SVM), and random forest (RF) to predict CO2 trapping e�ciency in saline
formations. First, the uncertainty variables, including geologic parameters, petrophysical properties, and
other physical characteristics data were utilized to create a training dataset. A total of 101 reservoir
simulation samples were then performed, and the residual trapping, solubility trapping, and cumulative
CO2 injection were collected. The predicted results indicate that three machine learning (ML) models that
evaluate performance from high to low: GPR, SVM, and RF can be selected to predict the CO2 trapping
e�ciency in deep saline formations. The GPR model has an excellent CO2 trapping prediction e�ciency

with the highest correlation factor (R2 = 0.992) and lowest root mean square error (RMSE = 0.00491). The
accuracy and stability of the GPR models were veri�ed for an actual reservoir in offshore Vietnam. The
predictive models obtained a good agreement between the simulated �eld and the predicted trapping
index. These �ndings indicate that the GPR ML models can support the numerical simulation as a robust
predictive tool for estimating the performance of CO2 trapping in the subsurface.

1. Introduction
Geological carbon storage (GCS) is a potential method for tackling greenhouse gas emissions and
mitigating climate change (Bachu, 2018, 2000; Hitchon et al., 1999). CO2 can be sequestered into many
potential storage sites, such as deep saline aquifers, depleted oil and gas reservoirs, depleted
unconventional formations, residual oil zones, and deep marine formations (Bachu, 2002; Edwards et al.,
2015; Nguyen et al., 2020; Petvipusit et al., 2014; Ren and Duncan, 2019; Senel and Chugunov, 2012).
Among these storage sites, deep saline formations have a largest storage capacity (Wang et al., 2016).
The International Energy Agency (IEA) stated that saline aquifers could store a maximum of 10,000
Gigaton CO2 (Javaheri et al., 2009).

Alcalde et al. (2018) presented excellent �ndings on CO2 storage to secure climate change using a
numerical program. These authors investigated the leakage of CO2 stored in different storage formations
that lead to GCS being identi�ed as a favorable option for mitigating climate change.

Therefore, CO2 storage in the subsurface aligns with the net-zero carbon emission strategy, globally.
Numerous studies have investigated the potential of saline aquifers for CO2 sequestration (Ajayi et al.,
2019; Al-Khdheeawi et al., 2018a; Emad A. Al-Khdheeawi et al., 2017; Bachu, 2018; Fang et al., 2010;
Khudaida and Das, 2020). Ajayi et al. (2019) demonstrated the feasibility of CO2 sequestration in Dubai
onshore The simulation results suggest that onshore saline reservoirs are excellent candidates for long-
term CO2 geosequestration. In addition, Kempka et al. (2013) explored long-term CO2 trapping in the
Ketzin pilot site (Germany). Their work demonstrated that 98.3% of the CO2 injection was soluble in the
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reservoir after 16,000 years of simulation. The latest research was conducted on CO2 plume dynamics
and storage e�ciency in a �uvial reservoir by Zapata et al. (2020). These authors investigated the
anisotropy, chemical reaction, and facies distribution effects on the CO2 storage performance.

Furthermore, the feasibility of CO2 geosequestration at the �eld scale could be classi�ed into two
categories. First, an aquifer's geological characteristics affects the potential of CO2 trapping e�ciency
(Al-Khdheeawi et al., 2018a, 2018b; Emad A Al-Khdheeawi et al., 2017; Temitope et al., 2016a). Second,
typical CO2 trapping, including stratigraphic, capillary, dissolution, and mineral trapping, carries the risk
associated with storage sites (Dai et al., 2016, 2014; Li and Zhang, 2014; Miocic et al., 2019; Nghiem et
al., 2009b; Soltanian et al., 2017).

In terms of CO2 trapping e�ciency, Al-Khdheeawi et al. (2018b) proposed the Water Alternating Gas
Process to enhance residual and solubility trapping in heterogeneous reservoirs. Recently, Vo Thanh et al.
(2020a) developed a robust optimization work�ow under geological uncertainty to improve the trapping
e�ciency in �uvial sandstone reservoirs. These scholars performed several simulation scenarios
considering the petrophysical properties to predict CO2 trapping e�ciency in the subsurface.

Although modeling and simulation results can be employed to predict CO2 �ow in the subsurface, these
results are used to analyze the amount and distribution of CO2 under speci�c constraints for well
optimization (Afanasyev et al., 2016; Kim et al., 2017; Lothe et al., 2014). However, reservoir simulations
are complicated and time-consuming in real-�eld storage projects. Additionally, reservoir simulations
require a large amount of subsurface data, such as horizontal seismic interpretations and petrophysical
properties (Vo Thanh et al., 2020c). Machine learning (ML) techniques can overcome these challenges.
ML and arti�cial intelligence can be adapted as practical tools for reservoir simulations (Ertekin and Sun,
2019; Lee, 2020).

Recently, Ahmadi et al. (2018) utilized the least square SVM to develop a robust proxy model for miscible
CO2 injection. Later, Al-Mudhafar (2019) applied multivariate adaptive regression splines and RF model
proxy models to generate a metamodel for CO2-enhanced oil recovery (EOR) in unconventional formation.
Most recently, You et al. (2020) implemented ML-based optimization for CO2-EOR and storage projects.
Using the ML work�ow, these authors could improve oil recovery, CO2 storage, and net present value of
EOR projects.

In addition, Zhong et al. (2015) used SVM to predict production performance in the Permian Basin
Wolfcamp Shale wells. In contrast, Gaussian process regression (GPR) was used to predict the total
organic carbon for shale gas reservoir characterization (Yu et al., 2016). These scholars found that
prediction using GPR was accurate compared to the prediction results of TOC using an arti�cial neural
network (ANN) and SVM. In the steam-assisted gravity drainage process, Kim and Shin (2020) used RF,
multiple linear regression, and ANN methods to predict the shale barrier size and spatial location in
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Canada. RF was also considered as a predictive model for evaluating CO2-EOR and storage performance
in residual oil zones (ROZs) (Chen and Pawar, 2018, 2019).

Furthermore, ML techniques have been widely applied to several subsurface problems, such as history
matching (Hadi et al., 2016; He et al., 2016; Razak and Jafarpour, 2019) and geostatistical reservoir
characterization (Al-Mudhafar, 2020, 2017).

In CO2 sequestration applications, the least square SVM can generate high-accuracy prediction models
for CO2 solubility in brine (Ahmadi and Ahmadi, 2016). These authors stated that the average absolute
deviation between the predictive models and experimental data was less than 0.1%. Later, Yan et al.
(2020) successfully constructed predictive models for estimating permeability changes during CO2

sequestration in coal seams using SVM and intelligent optimization methods.

As presented in the literature review, ML techniques have not been considered for developing robust and
fast predictive models to estimate the CO2 trapping e�ciency in deep saline formations. Thus, this study
proposes supervised ML algorithms for predictive construction models to predict the effectiveness of CO2

trapping feasibility by reducing the computational time of the reservoir simulator in deep saline
formations.

This study aims to propose ML-based prediction models for CO2 trapping e�ciency. These models can
be further adapted as a robust and fast tool to investigate the feasibility of CO2 geosequestration in the
initial phase of geological CO2 storage projects.

Three popular ML techniques, GPR, SVM, and RF, were used to predict the effectiveness of CO2 trapping
e�ciency. The best ML technique was then employed in a real reservoir offshore Vietnam to evaluate the
accuracy and stability of the proposed predictive model. To the best of our knowledge, this study is the
�rst to adapt supervised ML techniques (GPR, SVM, RF) to develop predictive tools for CO2 trapping in
saline formation. Brie�y, the main goals of our study were to:

Develop predictive models based on ML techniques for the accurate prediction of CO2 trapping
e�ciency in deep saline aquifers.

Build fast predictive tools to evaluate trapping performance in CO2 geosequestration.

Evaluate the accuracy of the ML model using the real-�eld case from a previous study.

2. Methodology
ML techniques are powerful tools for developing predictive models. ML applies pattern recognition to
guide reservoir performance developed on a computer (Mohaghegh, 2011). Furthermore, the predictive
models based on ML could generate a rapid and accurate forecast in place of the reservoir simulator. In
this study, ML algorithms were adapted to develop predictive models to evaluate the trapping e�ciency in
deep saline aquifers. The work�ow for creating the predictive models is shown in Fig. 1a.
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First step: CO2 sequestration model construction. The 3D geological model was considered with a
compositional modeling package (CMG-GEM) to simulate the CO2 trapping mechanism. The speci�c
equations of the simulation package are expressed as follows (Nghiem et al., 2004):

“Convection” represents the �ow induced by the pressure difference; Darcy’s Law explains this
mechanism. The second factor is the rate of diffusion in the liquid state (Kim et al., 2017). The interaction
between the reaction and injection results in precipitation and solubility between mineral components
and the formation of brine (Kim et al., 2017), are key points in the CO2 sequestration process (Nghiem et
al., 2010).

Furthermore, the petrophysical properties and other parameters were referenced from previous studies
(Fang et al., 2010; House et al., 2003; Issautier et al., 2013; Jin et al., 2012; Lengler et al., 2010; Mediato et
al., 2017; Shogenov et al., 2017; Singh et al., 2010). As illustrated in Fig. 1b, the simulation model
included 2660 (19 × 28 ×5) grid cells. The porosity and permeability properties adapt from the PUNQS3
project (Gu et al., 2005). The data set is obtained from the website of Imperial College London (PUNQ S3,
2021).

Moreover, there is a large number of factors that in�uence CO2 trapping performance in deep saline
formations. These factors include saline formation, depth, reservoir thickness, petrophysical properties,
residual gas saturation, compressibility, wettability, capillary pressure, injection methods, and anisotropy
ratio (Al-Khdheeawi et al., 2018a; Dai et al., 2018; Silva and Ranjith, 2012). Among these factors,
determining the most critical parameter is necessary. Therefore, several scholars have conducted a
sensitivity analysis to rank the most in�uential factors in the CO2 sequestration process (Abbaszadeh
and Shariatipour, 2018; Gibson-Poole et al., 2006; Lee et al., 2010; Liu and Zhang, 2011). Based on these
literature reviews, eight parameters, depth, porosity (Por), permeability (Perm), thickness (h), residual gas
saturation (Sgr), salinity, injection rate, and ratio of vertical to horizontal permeability (Kv/Kh) were
selected for this study. The geological and uncertainty parameters are presented in Table 1.
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Table 1
The uncertainty factors considered for conducting the simulation jobs (Bachu,

2008; Beni et al., 2011; Bu Ali et al., 2011; Dai et al., 2017; Ezeanyim and
Shariatipour, 2016; Fang et al., 2010; House et al., 2003; Jia et al., 2018; Singh et
al., 2010; Song et al., 2020; Sung et al., 2014; Temitope et al., 2016b; Xiao et al.,

2019)
Uncertainty factors Minimum Base case Maximum Units

Porosity 0.01 - 0.4 -

Permeability 0.01 - 2000 mD

Thickness 2 5 200 M

Depth 800 1000 3000 M

Residual Gas Saturation 0.1 0.4 0.5 -

Salinity 10000 120000 400000 ppm

Kv/Kh 100 1500 1500 -

CO2 injection rate 39 2740 5480 ton/day

In this study, relative permeability properties were obtained from (Vo Thanh et al., 2020a). Moreover, the
residual CO2 trapping mechanism in this study was mainly based on land trapping models (Vo Thanh et
al., 2020a). Therefore, the drainage and imbibition processes can be calculated during the simulation
using Land’s residual model (Land, 1968). Figure 1c depicts the relative permeability properties and the
land trapping model used in this research.

To evaluate the e�ciency of CO2 trapping performance, three kinds of trapping indices need to be
calculated (Nghiem et al., 2009a):

In order to investigate the uncertainty of reservoir heterogeneities, 101 geological realizations were
considered during the CO2 injection process. The Petrel package was automatically transferred to the
compositional simulation module (CMG-GEM) to conduct the CO2 sequestration process. Then, the
simulation result was evaluated by the optimizer (CMOST-AI) before creating the following geological
models and uncertainty variables. The new porosity and permeability models were generated in each new
simulation job (Vo Thanh et al., 2020b). Figure 2 represents the process for integrating the Petrel into
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CMOST to conduct simulations on different 101 geological realizations. Table 2 presents geological
variables for creating realizations, consisting of azimuth, global seed number in the Petrel package.
These variables would change the distribution of porosity and permeability for considering the geological
uncertainty effect for machine learning models.

Table 2
The uncertainty limit of parameters for generation petrophysical realizations

Parameter Lower bound Base case Upper bound

Azimuth Porosity 10 12 30

Azimuth Horizontal Permeability (Kh) 5 21 25

Azimuth Vertical Permeability (Kv) 30 36 60

Global seed number porosity 1000 1850 3000

Global seed number kh 650 1000 3000

Global seed number kv 20 10 50

Continuous CO2 injection was applied for 10 years, followed by 490 years post-injection for this study.
Figure 3 depicts the CO2 saturation pro�les for the 3D �lter I-K directions after 10, 200, and 500 years. CO2

is injected into the saline formation and rises to the reservoir's top due to the buoyancy mechanism
(Nghiem et al., 2010).

Figure 3 shows the CO2 saturation in the reservoir after the 10-year injection phase. The density of CO2-
saturated water increases because of  CO2 solubility in the aqueous state (Kim et al., 2017). The wet
phase then migrates to the lower part of the saline aquifers as a CO2 plume that activates different
solubilities of CO2 gas in the wet state. Here, the spread of the vaporous CO2 developed in the top saline
is more signi�cant than that in the base supply because CO2 moves vertically (Emad A. Al-Khdheeawi et
al., 2017; Al‐Khdheeawi et al., 2017) and is held by the seal rock. These simulation results can further
explain the mechanism of CO2 migration during saline formation.

Second step: De�ne the uncertainty variables. There are many uncertainties in deep saline aquifers
because less observation data are available from these reservoirs due to limiting �nances in CO2 storage
projects. Therefore, these uncertainties can be used to develop ML models to predict the CO2 trapping
e�ciency during saline formation. The uncertainty parameters are listed in Table 1.

Third step: Latin hypercube sampling To generate the training dataset, 100 simulation experiments were
performed using Latin hypercube sampling (LHS) utilizing CMOST, an arti�cial intelligence and ML tool in
the CMG package (CMG, 2019).

This module can perform sensitivity assessment, history matching, optimization, and uncertainty
analysis for simulation projects (CMG, 2019). The key point of this step is to employ LHS because it is
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not dependent on the amount of training simulation jobs from the uncertainty parameters (Vo Thanh et
al., 2020c).

Fourth step: Perform simulation jobs to gather inputs/outputs for the machine learning model. This
procedure is vital for the development of ML models. The CMG-GEM module was used to perform 101
simulation experiments. For every simulation experiment, the uncertainty parameters and objective
interests were gathered as the training dataset; residual trapping, solubility trapping, and cumulative CO2

injection in a deep saline aquifer were the outcomes.

Furthermore, 4900 samples with elapsed time (10, 20, 30,.… 500 years) were prepared from 100
simulation experiments for training the ML models. In addition, 49 samples with the same elapsed time
as the training stage from one simulation job was utilized to blind test ML models. These procedures are
explained in detail in the �nal section.

Fifth step: Generate predictive models using Machine Learning Techniques The predictive models can
estimate the relationship between the input variables and output functions depending on the training
reservoir results. In addition, the developed predictive models were built for each objective interest. To
demonstrate the robustness of developed predictive models, three popular and powerful supervised ML
algorithms (GP, SVM, and RF) were employed in this study. The detail of ML techniques was introduced in
Supplement Material. All the ML techniques were conducted in a MATLAB 2020b environment running on
an Intel ® Core ™ i7 -8550U CPU with 16 GB RAM.

Regarding the performance criteria for each ML model, Stazio et al.(2019) suggested that the root mean
square error (RMSE) and coe�cient of determination (R2) were used as two statistical indicators to
assess the developed predictive models from ML techniques. These statistical indicators were computed
using the following equation:

Final step: Validation of predictive models. The 100 simulation jobs were used for calibration (training)
and 10 fold cross-validation (Geisser, 1993). One simulation job was used for blind testing to evaluate the
stability of the predictive models. Subsequently, the selected predictive models were employed in the �eld
data from previous studies. This �nal step would ensure the application of predictive models in the actual
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storage sites of the CO2 trapping mechanism and other science disciplines. The MATLAB function of the
developed training model for prediction in an existing reservoir is expressed as:

Result = trainedModel.predictFcn(X) where X is the data matrix.

3. Results

3.1. Generating Training Samples for Machine Learning
Models
Figure 4 depicts the simulation performance of CO2 residual trapping, CO2 solubility trapping, and the
amount of cumulative CO2 injected. The time series of 101 simulation experiments is presented for three
objective interests.

The CO2 trapping index will be calculated to develop ML models from simulation results using equations
(11), (12), and (13). First, the ML models (GPR, SVM, and RF) used 100 simulation experiments for
training and 10-fold cross-validation. A single simulation experiment was then used to blind test the best
machine model to verify the over�tting issue.

3.2. Developed Machine Learning Models
Figure 5 depicts the performance of the ML models for predicting the solubility trapping index(STI),
residual trapping index (RTI), and total e�ciency index (TEI). Generally, a higher correlation factor (R2)
and lower RMSE correspond to a higher predictive model accuracy. All the computed statistical indicators
of the three ML models are listed in Table 3. According to the table, the three predictive models can
generate a reasonable prediction for STI, RTI, and TEI. However, the performance of GPR models is
markedly higher than that of other models developed utilizing RF, especially those applied to estimate the
STI and RTI. The SVM model version is slightly less than the predictive GPR model performance but
much higher than that of the EBT models. GPR models provide higher predictive accuracy than the SVM
and RF models. Thus, GPR models are selected for predicting CO2 trapping index, including RTI, STI, and
TEI. The tuning hyper-parameter of three machine learning approaches for developing the

Table 3. The statistical indicator of predicted and actual values for three different machine learning
techniques

Statistical
Indicator

RTI STI TEI

GPR SVM GPR SVM RF GPR SVM RF

R-squared 0.999 0.980 0.999 0.977 0.976 0.990 0.970 0.910

RMSE 0.0031 0.021 0.007 0.307 0.394 0.014 0.023 0.044
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Although the GPR predictive models perform well in both indicators (RMSE and R2), it is necessary to
evaluate the selected GPR models using blind testing samples prior to the actual �eld applications. A
total of 49 simulation time-elapsed CO2 trapping indices were used to verify the developed predictive
models. These blind testing samples were not utilized in training ML models. The blind data samples had
a structure of 49 rows and nine columns.

Figure 6 highlights the blind testing results for RTI, STI, and TEI. The evaluated results �t well with the
correlation factors 0.9306, 0.9562, and 0.9552 for RTI, STI, and TEI, respectively. Moreover, the RMSE of
these trapping indices also reached the low values in Figs. 6a, 6b, and 6c for RTI, STI, and TEI,
respectively. The blind testing results indicate that the predictive models based on GPR ML are stable and
reasonable for further applications. From these blind testing results, the machine-predicted models would
produce highly-accurate predicted results depending on the characteristics of geological data and other
parameters. In this study, the �eld application of CO2 sequestration is considered for validation from the
development of predictive models. This validation will prove the practical applicability of the predictive
models.

3.3. Application of the machine learning models by �eld
application
We deployed predictive models created using GPR techniques in an actual �eld in the Cuu Long Basin,
offshore Vietnam. The research area is located off southern Vietnam and consists of a �uvial Oligocene
sandstone reservoir (Vo Thanh et al., 2019). Figure 7 illustrates the location and lithology of the actual
�eld in offshore Vietnam.

The geological models were constructed based on geological and petrophysical data from Vo Thanh et
al. (2020d). These models were used for simulating CO2 trapping in this study. The �eld simulation
performance was used to validate the selected GPR ML models by comparing the reservoir simulator and
predictive models' outputs. Figure 8 shows the petrophysical model of the dynamic simulation data. This
model consisted of 87,000 grid cells in the X, Y, and Z directions. The geological model was history-
matched for dynamic simulation using an integrated modeling framework in a recent study (Vo Thanh
and Sugai, 2021). Figure 9 presents the results of the history-matching models. The history-matching of
reservoirs proved that the �eld simulated models could achieve good results for CO2 trapping under
actual conditions. The details of the simulation parameters are presented in Table 4.
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Table 4
Reservoir characterization of the �eld study area

Variables Values

Thickness (m) 100

Pressure at 2076 m depth (MPa) 20

Temperature (℃) 40

Vertical to horizontal permeability ratio 0.1

Salinity (ppm) 40000

Injection depth (m) 2157

Maximum bottom pressure (MPa) 32

Residual Gas Saturation 0.3

Porosity 0.025–0.258

Permeability mD 0.1–249

In this study, a total of one million tons of CO2 was injected into the reservoir for 10 years, followed by a
shut-in stage for 290 years of the monitoring period. The trapping index was then calculated to evaluate
the effectiveness of the injected CO2. Figure 10 illustrates the CO2 saturation in the �uvial sandstone
reservoir at the end of the simulation period.

As shown in this �gure, CO2 migrated into the sandstone reservoir through the sand channel distribution.
The effect of facies distribution on CO2 plume migration was explored by Vo Thanh et al. (2018). The
present study found that the CO2 �ow followed the direction of the sand channel in the subsurface. After
the completion of the simulation of CO2 trapping at the �eld scale, the results of the trapping index of the
simulated and GPR ML models would be compared for a better vision of our predictive models. The
performance of the GPR models in the �uvial sandstone reservoir of Nam Vang is depicted in Fig. 11. The
�uvial sandstone reservoir input parameters were considered to validate the GPR models using the R2

and RMSE.

Figure 11 shows the validation results of the GPR models in the �uvial sandstone aquifer. A comparison
of the predicted results and the simulation data for better evaluation was applied to the developed ML
models. The GPR models achieved the prediction results with an R-squared value of 0.999 and an RMSE
of 0.079 for STI. Regarding the RTI, the R-squared value was 0.9935, and the RMSE was 0.039. In TEI, the
GPR models provided excellent performance matching between the target and actual values with an R-
square of 0.992 and an RMSE of 0.084. The validation results showed that the GPR models were
accurately predicted for 99.90%, 99.35%, and 99.2% of the STI, RTI, and TEI �eld simulated effects.
Table 5 shows the results of the GPR models for the predicted CO2 trapping e�ciency in �uvial sandstone
aquifers.
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These results were compared to the trapping e�ciency calculated using the �eld simulation data. As
shown in Fig. 11 and Table 5, these results suggest that predictive models based on the GPR ML
technique can accurately predict CO2 trapping e�ciency in the �eld scale of deep saline formations. Also,
the predicted objective storage sites should have a similar geological setting to developing ML models.
To recap, the developed models will achieve different accuracy predicted results. In particular, the
predicted samples are outside the range of creating models. The anticipated results may not be reliable
for decision-making.
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Table 5
The comparison between �eld-scale simulation and the GPR

model in Nam Vang �eld, Cuu Long Basin.

  Reservoir Simulation GPR model

Year RTI STI TEI RTI STI TEI

30 0.364 0.131 0.494 0.218 0.180 0.398

40 0.408 0.134 0.541 0.289 0.185 0.474

50 0.436 0.136 0.571 0.330 0.189 0.519

60 0.457 0.137 0.594 0.367 0.194 0.561

70 0.473 0.139 0.611 0.400 0.198 0.598

80 0.486 0.140 0.626 0.429 0.202 0.631

90 0.497 0.142 0.639 0.455 0.205 0.660

100 0.507 0.143 0.650 0.476 0.209 0.685

110 0.516 0.144 0.660 0.495 0.212 0.707

120 0.521 0.145 0.667 0.510 0.216 0.725

130 0.526 0.147 0.673 0.522 0.219 0.741

140 0.530 0.148 0.678 0.531 0.222 0.753

150 0.532 0.149 0.681 0.538 0.225 0.763

160 0.536 0.150 0.686 0.542 0.228 0.769

170 0.538 0.151 0.689 0.543 0.231 0.774

180 0.541 0.152 0.692 0.547 0.234 0.781

190 0.542 0.153 0.694 0.549 0.236 0.785

200 0.543 0.154 0.696 0.548 0.239 0.787

210 0.543 0.155 0.698 0.548 0.242 0.790

220 0.544 0.156 0.699 0.556 0.245 0.800

230 0.544 0.157 0.701 0.556 0.247 0.803

240 0.544 0.158 0.702 0.556 0.250 0.806

250 0.545 0.159 0.703 0.559 0.253 0.811

260 0.545 0.160 0.704 0.560 0.255 0.815

270 0.545 0.161 0.705 0.561 0.258 0.819
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  Reservoir Simulation GPR model

280 0.544 0.162 0.706 0.562 0.261 0.823

290 0.544 0.163 0.707 0.563 0.264 0.826

300 0.544 0.164 0.708 0.563 0.267 0.830

3.4. Comparison of proposed models and previous study
The �eld-scale simulation and predicted results demonstrated the excellent performance of the GPR ML
models. A comparative analysis was conducted to evaluate the predictive performance of the currently
developed models. Kim et al. (2017) used an ANN to predict CO2 trapping e�ciency in saline aquifers.
Therefore, they completed a more comprehensive study to understand the developed models better.

The RMSE and R-squared indicators were used to evaluate the models by graphical analysis.
Equations (14) and (15) explain the details of the calculation procedures for the two statistical indicators.

Figure 12a illustrates the comparative results of the correlation factor between the proposed GPR models
and those of Kim et al. (2017). The �gure indicates that the models developed in this study presented a
higher correlation factor for three types of CO2 trapping indices, RTI, STI, and TEI (0.9935, 0.999, and
0.992, respectively). The other ANN models had lower correlation factors for the RTI, STI, and TEI: 0.974,
0.978, and 0.964. The improved accuracy of the developed GPR models proved that these ML models
were successfully trained.

Figure 12b shows another statistical indicator that demonstrates the robustness of the proposed GPR
models. In the �gure, the proposed ML models in this research can obtain smaller values for RMSE to
evaluate the CO2 trapping e�ciency. The comparative results show that the developed ML models were
better than the available developed predictive models.

 

4. Discussions
Our �ndings demonstrate the necessity of developing ML models to generate a robust predictive method
for evaluating the CO2 trapping performance in deep saline aquifers. We proved that the ML models could
accurately predict CO2 storage e�ciency by comparing the simulation results for a �uvial aquifer in the
Cuu Long Basin, offshore Vietnam. The developed models obtained excellent predictive performance
because the uncertainty variables were carefully selected for training and validating the ML models. Also,
the blind testing performance is crucial for validating the accuracy and stability of ML models. Numerous
studies have developed ML methods that ignore the blind testing process. Therefore, a blind testing
process should be included to build predictive models based on ML.
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Notably, each developed ML model was considered in a speci�c range; the ML models are only used
within the capacities of the uncertainty variables mentioned in this research. This study also emphasized
saline aquifers for the application of the developed predictive models to saline formation. However, the
work�ow of this research can be easily adapted to other storage formations. The uncertainty parameters
can be modi�ed according to speci�c storage formations.

Besides, the range of uncertainty variables used in developing predictive models should be carefully
considered. The speci�c training samples of ML models should be obtained from literature reviews or
previous studies. ML predictive models cannot provide excellent performance if the models are employed
on the samples inadequate for the proposed uncertainty bounds.

Our study found that GPR created excellent CO2 trapping e�ciency prediction compared with other ML

methods such as SVM and RF. In terms of the correlation coe�cient (R2), the GPR models could predict
the CO2 trapping index in actual �eld applications with higher R2 values. We subjected GPR models to
blind testing before employing them in the �eld scale of saline aquifers. Previous studies have not
focused on blind testing for the development of predictive models.

In conclusion, our work presents an innovative �owchart for “construction,” a robust and highly accurate
ML predictive model. To validate the proposed method, it is suggested hitherto for other CO2 geo-storage
“formations” such as oil and gas reservoirs, ROZs, and fractured reservoirs. The limitations of ML models
apply to other geological formations. However, the methodology of this study can be easily developed to
address further engineering and science problems.

5. Conclusions
This study used ML models to predict the CO2 trapping index of deep saline aquifers. It found applicable
ML models for predicting RTI, STI, and TEI in the Cuu Long Basin reservoir, offshore Vietnam. The
highlights of this study are as follows.

Reservoir simulation of the CO2 trapping mechanism in deep saline formation was performed to
create a training database to develop predictive ML models. In this study, 101 simulation
experiments were completed to gather objective interests, including residual trapping, solubility
trapping, and cumulative CO2 injection in the trapping reservoir model, for the training database.

Predictive results con�rmed that GPR produced the best predictive performance compared to SVM
and RF. Also, the predictive ML models developed by RF achieved the worst predictive accuracy. The
GPR model was identi�ed as a more suitable method for creating predictive models for CO2 trapping
e�ciency in deep saline aquifers. This study used only 100 numerical simulation jobs with 49
elapsed times to develop highly accurate predictive models.

With regard to actual �eld application, GPR ML models were adopted for a �uvial sandstone reservoir
in offshore Vietnam. The �ndings of this study indicated that the GPR models could accurately
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predict CO2 trapping in an actual �eld. By comparing the trapping e�ciency, the predictive
performances obtained excellent �tting with objective values and accuracy between the GPR models;
a �eld-scale simulation result was achieved with a high correlation factor (R2) of more than 0.95, and
a low RMSE of 0.016 for TEI. To the best of our knowledge, the CO2 trapping e�ciency has not yet
been explored in deep saline aquifers using predictive models based on ML.

The developed GPR ML models can predict the CO2 trapping index with high accuracy in deep saline
aquifers. Our study recommends that the GPR models be reproduced and adapted in future carbon
capture utilization and storage (CCUS) tasks, such as oil recovery prediction and storage
performance in the CO2-EOR project. The proposed ML predictive work�ow will also serve as a
reference for future work, especially the machine techniques that could be coupled with a reservoir
simulator to reduce computational time.

The proposed ML models can be coupled with a commercial reservoir simulator to improve their
ability and accuracy for predicting CO2 trapping at storage sites.

The proposed ML models demonstrated robustness compared to a previous study. This was inferred
using R2 and RMSE analysis. The ML models offered in this study have a larger R2 and smaller
RMSE in three prediction trapping e�ciencies (RTI, STI, and TEI). Besides, this study demonstrated
the power of the GPR models for predictive modeling. The GPR models had a better predictive
performance than the ANN models.

Predictive models based on ML can be applied to tackle climate change by predicting CO2 trapping
e�ciency deep underground.

However, there are some limitations in developing predictive models:

The developed models could only be employed in deep saline aquifers and geological characteristics
similar to the simulation model design expressed in this study.

The predictive ML models were applied within the bounds of the uncertainty factors identi�ed in this
study.
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Figure 1

Flow chart of predictive models based machine learning work�ow, geological model, and relative
permeability curves. a. The work�ow connected between the reservoir simulator and machine learning
models b. The porosity model and permeability from PUNQS3 project was adapted for this work c. The
relative permeability curves and Land trapping models used for CO2 trapping simulation.
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Figure 2

The integrated process Petrel and CMOST optimizer for considering geological realizations to generate
the training samples
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Figure 3

CO2 saturation over time. a) CO2 saturation after 10 years injection; b) CO2 saturation after 200 years
injection, CO2 saturation after 500 years injections
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Figure 4

Time series of CO2 injection in the reservoir simulation jobs produced for developing machine learning
models. a. Time series of residual CO2 trapping. b. Time series of solubility CO2 trapping. c. Time series
of cumulative CO2 trapping
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Figure 5

Performance of predictive models obtained from GPR, SVM, and RF. a. Quality of predictive RTI using
three machine learning models; b. quality of predictive STI from three machine learning models; c.
performance of predictive TEI from GPR, SVM, and RF.
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Figure 6

Blind testing results of GPR models for predicting CO2 trapping e�ciency. a. Blind testing of RTI; b.
Excellent blind testing performance of STI; c. more signi�cant 95% R2 for TEI
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Figure 7

Location and lithology of study area modi�ed after Vo Thanh et al. (2020d). Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion
whatsoever on the part of Research Square concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.
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Figure 8

The porosity and permeability models of �uvial channel saline aquifers to compare the prediction values
and �eld scale simulation. Note: The designations employed and the presentation of the material on this
map do not imply the expression of any opinion whatsoever on the part of Research Square concerning
the legal status of any country, territory, city or area or of its authorities, or concerning the delimitation of
its frontiers or boundaries. This map has been provided by the authors.

Figure 9
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History matching model of bottom hole pressure

Figure 10

CO2 saturation performance at the end of the simulation period. The distribution of CO2 saturation in a
�uvial sandstone aquifer. a. 3D gas saturation model at the end of simulation period; b. the cross-section
to represent the CO2 �ow in �uvial system; c. the injector is located in the �uvial sandstone system. Note:
The designations employed and the presentation of the material on this map do not imply the expression
of any opinion whatsoever on the part of Research Square concerning the legal status of any country,
territory, city or area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This
map has been provided by the authors.



Page 33/34

Figure 11

Validation results between GPR models and �eld simulated CO2 trapping e�ciency. a. Excellent
agreement between GPR predicted and �eld simulated RTI; b. remarkable correlation between predicted
and �eld simulated STI using GPR based machine learning predictive models; c. reasonable predicted TEI
using GPR predictive models.
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Figure 12

The comparison performance between this study and previous model in terms of R-squared and RMSE. a.
Present study showed a larger R-squared value than the previous study, in three trapping e�ciency (RTI,
STI, and TEI); b. RMSE of present study is smaller than the RMSE value of previous research.


