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Abstract

Carbon dioxide (CO.) capture, utilization, and storage (CCUS) have been proposed as a possible
technique to mitigate climate change. In this vein, CO; storage through enhanced oil recovery
(EOR) in depleted hydrocarbon reservoirs is touted as a most effective approach because it
synergistically increases oil production and enables permanent sequestration into the reservoirs.
However, the construction of a reasonable 3D geological model for this storage reservoir is a major
challenge. Thus, this study presents an efficient workflow for constructing an accurate geological
model for the evaluation of CO- storage capacity in a fractured basement reservoir in the Cuu Long
Basin, Vietnam. Artificial neural network (ANN) has been used to predict porosity and
permeability values through seismic attributes and well log data. The predicted values were
selected using high correlation factors with well log data. Subsequently, the Sequential Gaussian
Simulation and co-kriging methods were applied to generate a 3D static geological model by using
azimuth and dip parameters. Finally, drill stem test matching was performed to validate the
accuracy of the porosity and permeability models through dynamic simulation. A validation 3D
reservoir model, which integrates geophysical, geological, and engineering data from fractured
basement formation in Cuu Long Basin, was further constructed to calculate theoretical CO>
storage capacity. As a result, the calculated storage capacity for the fractured basement reservoir
ranged from 7.02 to 99.5 million metric tons. These estimated results demonstrate that fractured

basement reservoir has a combined potential for CO; storage and EOR in the Cuu Long Basin.

Keywords: Artificial neural networks, CO. storage capacity calculation, Integrated 3D geological

model, Fractured basement reservoir, Cuu Long Basin
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1.

INTRODUCTION
Carbon dioxide (CO.) capture, utilization, and storage (CCUS) have been touted as a common

approach to mitigate greenhouse gas effect and climate change (Bachu, 2000; Hitchon et al.,
1999; IPCC, 2005). CO2 may be stored in deep saline aquifers, depleted hydrocarbon
reservoirs, and/or depleted fractured shale formations (Bachu, 2002; Edwards et al., 2015).
Among these plausible sequestration zones, oil and gas depleted reservoirs have been the most
practical sites to store CO> because these reservoirs have available geological data from the
history of exploration and production (Zhao and Liao 2012; Dai et al. 2017; Van’t Veld et al.
2013).

Moreover, injecting CO2 into an oil-bearing formation has the potential to enhance oil
recovery. This technique, hereinafter referred to as CO2-EOR, coupled/associated with the gas
storage can defray the cost of sequestration (Hill et al. 2013; Ettehadtavakkol et al. 2014;
Ampomah et al. 2017; Lee et al. 2019). The CO>—EOR and its storage potential have been
investigated by many projects worldwide (Bachu, 2018; Choi et al., 2013; Nguyen-Trinh and
Ha-Duong, 2015; Pham and Halland, 2017; Wei et al., 2015).

The Asian Development Bank (ADB, 2012) proposed that the 14 oil and gas fields offshore
Cuu Long Basin can provide 900 megatons of CO; storage capacity. In this regard, a
collaboration between Petro Vietnam and Mitsubishi Heavy Industries examined the feasibility
of CO>-EOR in the White Tiger oil field (Imai and Reeves, 2004). Approximately, 7.4 million
tons per year of CO2 was injected, which led to an increment of oil recovery to 50 thousand
barrels of crude oil per day (Imai and Reeves, 2004).

Rather than focusing on CO- storage, the project discussed above aimed at improving the oil
recovery. It further reported a decline in oil production subsequent to the dissolution CO in
the oil as well as the leakage of CO> from fault or fracture in the reservoir (Ha-Duong and
Nguyen-Trinh, 2017). Another drawback, further believed to be a plausible reason for the
decline in sequestered CO», was the complicated reservoir geological model in the White Tiger
field. This is to say that there is a need for reliable 3D geological model construction in order
to better and/or improve both CO; storage and CO2-EOR process.

Unlike sandstone reservoirs, to which conventional workflow can be applied to construct 3D
geological models, a fractured basement reservoir, which is the case for Cuu Long Basin, could

not be easily simulated based on core and well logs. This was so because fractures and faults
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represented for the matrix and its petrophysical properties. In addition, the seismic data could
not distribute the small fractures. Thus, artificial neural network (ANN) and geostatistic
approaches have been applied to distribute the whole porosity and permeability properties for
fracture basement reservoir (Nguyen et al. 2011).

ANN is an Atrtificial Intelligence tool applied in many fields and for varying applications. In
petroleum engineering, ANN has been adapted in many studies such as: predicting porosity
and permeability of petroleum reservoirs (Ahmadi et al. 2014); estimating the dew point
pressure and condensate-to-gas ratio in condensate gas reservoirs (Ahmadi and Ebadi 2014;
Ahmadi et al. 2014); predicting the asphalting precipitation (Ahmadi and Shadizadeh 2012;
Ahmadi 2011) among others. Recently, ANN has been used to predict the solubility of CO; in
brines and CO; storage efficiency (Ahmadi and Ahmadi, 2016; Kim et al., 2017). These
authors demonstrated the effectiveness of the ANN method as predictive models for the earlier
stated objectives.

On the other hand, geostatistics approaches (i.e., Sequential Gaussian Simulation (SGS) and
co-kriging) are efficient methods to distribute the 3D petrophysical reservoirs model
(Esmaeilzadeh et al. 2013). In recent years, some studies have demonstrated the effectiveness
of geostatistical methods to construct the realistic geological model for the CO. storage
application in a fluvial sandstone reservoir (Nguyen et al. 2017; Vo Thanh et al. 2019).

Nguyen et al. (2017) used SGS for 3D petrophysical modeling to investigate the CO, plume
dynamic in the deep saline aquifer. Vo Thanh et al. (2019) adapted SGS and co-kriging for the
new geological modeling workflow to enhance CO; storage assessment in the meandering
fluvial reservoir.

Thus, based on advantages of ANN, SGS and co-kriging method, this work proposed an
integrated workflow to build accurate geological models for fractured basement reservoirs.
This procedure is intended to solve the problem of limited good data and complex structure in
fractured reservoirs. From a broader aspect, combining both ANN, Sequential Gaussian
Simulation and co-kriging is expected to improve the calculation of the theoretical storage
capacity of CO> in fractured basement reservoir in Cuu Long Basin, Vietnam. Because this
study aims to calculate theoretical CO> storage capacity in a fractured basement reservoir in
Cuu Long Basin, Vietnam. Moreover, our work aims to establish and validate an integrated

workflow to evaluate CO> storage capacity that can be applied in other fractured basement
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reservoirs. To the best of our knowledge, this study is the first to be conducted on geological

modeling in fractured basement reservoirs to evaluate potential CO; storage.

In sum, this study mainly aims to achieve the following objectives:

e to predict porosity and permeability values through the ANN method,

e to distribute porosity and permeability in the 3D model through co-kriging approach,
e to validate the accuracy of reservoir model through drill stem test (DST) matching, and
e to estimate theoretical CO; storage capacity.

GEOLOGICAL BACKGROUND

Cuu Long Basin constitutes an Early Tertiary rift basin located off the southeast coast of

Vietnam extending from latitude 9° to 11° north and covering an area of approximately 25,000

km2, This basin is a rift-type Early Cenozoic subsided trough. The basin is found on the pre-

Cenozoic active regressive continental crust and filled with Late Cenozoic passive continental

margin sediments (Hung and Le, 2004).

The tectonic evolution of Cuu Long Basin can be divided into several main stages including

(Schmidt et al., 2019):

e Late Cretaceous—Eocene: pre-rift uplift.

e Late Eocene—Oligocene: main rifting phase. This phase led to the development of main
structural features within the basins, following extensional and transtensional
deformations.

e Early Middle Miocene: regional subsidence. This phase was marked by a change from
typically fault-controlled subsidence to a thermally controlled, high-rate subsidence.

e Late Miocene: partial inversion. During this stage, the entire area became dominated by
compression, which, in combination with the dextral strike-slip fault system in east
offshore Vietnam, probably generated basin uplift/partial inversion.

e Pliocene—Pleistocene: regional subsidence. Diverse tectonic activity, from low to
moderate amplitude differential uplift, acted across the basins in the area.

Nam Vang (NV) field is located along the northwestern margin of the Cuu Long Basin,
which is located offshore of southern Vietnam. The granite fractured basement is the main
reservoir in the NV field. This basement is composed of granite and granodiorite, which are
locally metamorphic and volcanic and can be divided into upper and lower zones. The upper

zone consists of weathered granitoids with thickness varying from a few meters to tens of
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meters. The lower zone is fresh fractured granite, and these fractures are partly filled mainly

by secondary calcite and zeolite. Some of the dyke rocks are also cut granitoids (Cuong and

Warren, 2009).

The other reservoir targets are in Oligocene sandstones of Tra Tan formation and the Lower
Miocene fluvial sandstone of Bach Ho formation. Oil and gas have been explored in the
sandstone of E, C, BI.1, and BI1.2 sequences in the NV field (Figure 1). The good source rock
in the NV field is lacustrine shale of D and E sequences with a large amount of total organic
carbon and hydrocarbon index values. These sequences also formed the seal for Oligocene

sandstone and fractured granitoids basement reservoirs (Cuong and Warren, 2009; Hung and

Le, 2004). The entire stratigraphic sequences of NV field are shown in Figure 1.
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Figure 1. Stratigraphic column of NV field in Cuu Long Basin.

2.1. CO2 sources

At normal standard conditions, CO; is a thermodynamically steady gas with a density
of 1.872 kg/m?, which is slightly heavier than air. COz is in a supercritical state with

temperatures higher than 31.1 °C and pressures higher than 7.38 MPa (critical point).
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At supercritical conditions, the properties of CO, are absolutely different from those
of COz2 in either liquid or gaseous phase, which acts in a manner similar to gas by
occupying all the available volume to increase the mass (Bachu, 2008, 2000; Holloway
and Savage, 1993).

The CCUS potential in Vietnam was proposed by ADB in 2012. In this investigation,
the anthropogenic sources could have amounted to 53 million tons of CO, emissions
which identifies as a potential candidate for carbon capture and storage (CCS) (APEC,
2014). These sources are future natural gas combined cycle and subcritical coal-fired
power plants (ADB, 2012; APEC, 2014). In the light of CCS activities in Vietnam, the
Phu My Fertilizer Plant was established as a CO» capture facility near Vung Tau City,
Vietnam. It was proposed that CO injection equipment, oil and gas separator, and
recycled CO plant will be located 150 km southeast of Vung Tau City in the study
area (Figure 2). COz injection sites are to be located near the previous CCS sites, such
as Rang Dong field. With this, the risks of CO> transportation source to sink could be
reduced through the connection from the storage site to the other fields, as investigated
for the CCS project.

VIET NAM

sJoc

"< NV-Field

o
Previous CCS sites

RANG DONG Y

FIELD Sacpen X 02197

25
LEGEND

< Dy

3% Gas

e oil {b
& Oil field

& Gas field e
Prospect

03

o0

042 04.1

Figure 2. NV field view showing a fractured basement reservoir as modelled in
this study. The blue polygon indicates the study area. The red line shows distance
from the CO> power plant to the injection site.
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2.2. Available data
The database established in this study includes seismic interpretation data, well log
data, formation micro imager (FMI) analysis, Drill Stem Test (DST) data, and other
geological information. The seismic interpretation includes top and base surfaces and
fault system (Figures 3a and 3b). Well logs from three wells, namely, NV-1X, NV-
2X, and NV-3X, are used. These wells have two well log parameters, namely, porosity
and permeability (Figure 3c). In the study area, three wells have FMI data (Figure 3d).
The result of FMI interpretation is key to define the dip, strike, and the azimuth of the

fractured or fault zones.

NV-1X:Azimuth strike: NW-SE NV-2X:Azimuth strike: NNW-SSE
Dip: 60 -90 Dip: 60 - 90

NV-3X:Azimuth strike: NNW-SSE

CSNV-IX [ggTVDL Y SNV [SSTVO] :
ESTVD[0 31} () pILs) STV [0 2300 345 1§ -
L&‘;“”C POTGSTy, | permeanilty s v i 74| —porosty | permeabiity [r— Rip: 6090

| sty | I ;

(d)

Figure 3. Illustration of data used in this study: (a) seismic horizon from seismic interpretation,
(b) fault system in fractured basement reservoirs, (c) well log data including porosity and
permeability values, and (d) FMI interpretation to obtain azimuth and dip parameters
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A DST was performed in the NV-2X and NV-3X wells to evaluate the reservoir

characteristics. Bottom-hole pressure measurements were conducted through the DST

process. These measurements are used in history matching to verify the accuracy of the

geological model. The DST analysis results are summarized in Table 1. During DST

operations, surface samples from the fractured basement reservoirs were considered

and analyzed using traditional pressure volume temperature (PVT) analysis. Some of

the key properties acquired, including bubble point pressure (Ps), gas-oil ratio (Rs),

formation volume factor (FVF), oil viscosity, and produced oil gravity, are listed in

Table 2. The oil-water permeability curves used in the simulation were obtained from

special core analysis performed on the cores from Cuu Long Basin.

Table 1. Summary of the DST data in fracture basement reservoir

Properties NV-2X NV-3X
DST#1 DST#1
2280-2577m 2352-3690 m
Flow Period Main Build-up Main Build-up
k (mD) 167 81.92
Skin Factor 2.7 -1.92
Pi (psia) at gauge Depth (MMDDF) 3147@2184.78 3218.3 @2341
Table 2. PVT analysis from NV-2X well
Properties NV-2X - DST#1
Gravity (API 60°F) 24.5
Py (psia) 1,130
Rs (scf/stb) 183
FVF @ Pres (rb/stb) 1.128
Viscosity @ Pb (cP) 6.924
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3. METHODOLOGY
3.1.Theory

3.1.1. Artificial Neural Network (ANN)
ANN is a computational tool, which helps automatically identify the relationship
between multiple known parameters and a single unknown parameter. The behavior of
a neural network is defined by the way that their individually computed elements are
connected and by the strength of those connections, or weights. Weights are
automatically adjusted by training the network in accordance with a specified learning
rule until it properly performs the desired task (Ahmadi, 2015). Basically, ANN
applications have two stages: the training stage, where the ANN learns the hidden
relationship of data while the predicting stage of ANN was used to predict new outputs
from input data not used during the training stage (Ruiz- Serna et al., 2019).

Also, ANN can be roughly categorized into two types in terms of their learning
features: supervised and unsupervised (Anderson and McNeill, 1992). This research is
used supervised ANN model, which is a toolbox in Petrel 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 was multiplied by a weight,
the result was then summed and passed through a nonlinear function to produce the
output (Darabi et al., 2010; Du et al., 2003; Iturraran-Viveros and Parra, 2014; Mahdavi
and Kharrat, 2009; Nikravesh, 1998). Figure 4 depicts the basic structure of the ANN

model as used in this study.

Input Hidden Output
layer layer layer

Figure 4. Basic ANN structure. In this illustration, there are three input attributes, four
neurons in the hidden layer, and two log samples in the output layer
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3.1.2. Sequential Gaussian Simulation (SGS) and Co-kriging

SGS is a stochastic modeling technique to generate random fields of continuous
variables such as porosity and permeability (Pyrcz and Deutsch, 2014). Also, this
algorithm is more efficient than Truncated Gaussian Simulation because it does not
consider the orderly transition between facies types (Al-mudhafar, 2018). Hence, its
utilization in this study.

The procedure of Sequential Gaussian Simulation can be expressed as follows (Pyrcz
and Deutsch, 2014): (1) changing all the original selected data into Gaussian population
by: Mean equal to 0 and Standard Deviation equal to 1 through the normal score
transformation (Z-distribution); (2) generating the variogram for the selected data; (3)
selecting randomly the location of evaluation from the seed number; (4) determining
the variable values and the related error variance at that location via the co-
kriging approach; (5) creating the local conditional cumulative distribution function for
the variables at that location for random selecting the values using that function.

Also, in this study, the co-kriging approach was adapted to solve challenges of limited

well data by integrating the predicted ANN values that have a good correlation with the
primary well data (Esmaeilzadeh et al. 2013). This approach uses a correlation factor
between primary and secondary data to calculate the distribution of the secondary
variable at each point. The correlation factor can be a constant, surface or property and
can be positive or negative values (Petrel, 2017).
Besides, the calculated correlation factor between the simulated primary variables and
the secondary variables is often not equal to the input correlation. This is a hurdle
associated with the SGS algorithm. But within the geological package (Petrel), there is
a basic mechanism to overcome such a bias, named as the variance reduction factor.
This value ranging from 0 to 1 can be selected by trial and error to overcome the bias
(Petrel, 2017).

10



257 3.2.Workflow

258 In this study, 3D geological model procedures used in CO. storage capacity
259 evaluation compromised: (1) building a structural model to display faults, zones, and
260 layering of reservoirs; (2) predicting porosity and permeability models using ANN, (3)
261 constructing a 3D petrophysical model through SGS and co-kriging to integrate the
262 prediction models; (4) DST matching to validate the accuracy of the porosity and
263 permeability models; and (5) evaluating the theoretical CO> storage capacity based on
264 specific equations proposed by Bradshaw et al. (2005, 2007). Figure 5 depicts the
265 schematic of the modeling workflow in this study.

Seismic Interpretation results
Horizon and fault system
Input well: Porosity and Permeability

Structural modeling, Griding
Upsale attributes and Well log

Seismic attributes selection
Initial ANN generation

DST, FMI Data

DST matching

Final Porosity and Permeability Model

Theoretical CO; storage capacity

Figure 5. Schematic representation of the integrated workflow to estimate theoretical CO-
storage capacity

266 The fault and seismic interpretations were used to construct the structural model,
267 which provided the framework for the 3D petrophysical model. The petrophysical
268 properties of conventional well logs in fractured basement reservoirs were difficult to

11
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use in estimation. Thus, ANN was utilized to predict these properties to build the needed
3D model. The arithmetic average method was applied to upscale the porosity and
permeability values from well logs to the grid. These values were also applied in the
ANN training to obtain the predicted porosity and permeability models.

Then, a variogram of the upscaled porosity and permeability was used to illustrate a
suitable model trend. Afterwards, SGS and co-kriging were combined to create 3D
petrophysical models. The predicted models from ANNs were used as secondary
variables in collocated co-kriging.

3.3. THREE-DIMENSIONAL GEOLOGICAL MODELING

3.3.1. Structural modeling

A 3D structural model is constructed on the base of a top surface, which is on top of the
basement, and a base surface, which is a flat horizon at 2500 m. The fault system was
generated from depth fault sticks. Subsequently, the pillar gridding was developed based
on the skeleton framework. The skeleton is a grid consisting of a top, middle, and base
skeleton grid. In fractured basement reservoirs, the grid has no layers, and only a set of
pillars are given | and J increments, which are set to 25 by 25 m, respectively. The fault
systems, modelled in this study, consisted of zig-zag type faults. Then, the vertical
resolution of the 3D grid is defined using the ‘make a zone’ functional tool in Petrel.

The layering process was the final step in building the structural framework to define
the thickness and orientation of the layers of the 3D grid. The “follow base” layering
functionality was used to develop the grid model. The number of layers depends on cell
thickness. In this study, a series of parameters of cell thickness (10, 20, 30, and 40 m,
respectively) were tested.

The cell thickness affects the value of well log upscaling and the correlation coefficient
between well and seismic data for further steps. Hence, optimizing the grid size during
well log upscaling is necessary. Two well log parameters consisting of porosity
permeability were (Figure 3c) used to scale up the model. The good correlation between
seismic attributes and well porosity was indicated by the optimal grid cell with 20 m
thickness (Figure 6a). Similarly, the permeability upscaling was also performed with
similar grid cell thickness (Figure 6b). The total size of the grid cell was 25 x 25 x 20 m

12



299 after optimization (Table 3). The structural model of the fractured basement reservoirs is

300 shown in Figure 7.
301
302 ®NV-1X [SSTVD]| | ® NV-2X [SSTVD]| [ ® NV-3X [SSTVD]
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b. Permeability upscale

Figure 6. Upscaling porosity and permeability to define grid cell number for
a structural model
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320

321
Figure 7. Structural modeling process for fractured basement reservoirs. (a) Develop fault system;
(b) skeleton grid; (c) final structural model
322
323 Table 3. Optimizing the layer’s size for structural modeling
324
325
Layer’s size Number of cells Number of cells Total cells
Porosity Upscale Permeability
Upscale

10m 117 116 771,120

20m 92 90 396,576

30m 77 76 264,384

40m 74 73 198,288
326
327 3.3.2. Petrophysical prediction models by ANNs
328 Porosity is a fundamental and crucial property in defining the storage capacity of fluids in
329 reservoirs. Whereas, permeability is an important parameter to measure the ability of fluid
330 flow in connected porous media. Therefore, the accuracy of porosity and permeability is
331 essential in minimizing errors in reservoir characterization and geological modeling in the

14



332
333
334
335
336
337
338

339
340
341
342
343
344
345
346

hydrocarbon field. These parameters could be obtained from core interval and well log
measurements in wells. Nonetheless, conventional geological workflows cannot distribute
these petrophysical parameters properly due to the limited core data and conventional
modeling. Thus, ANN is an excellent method to solve these nonlinear problems in the oil
and gas industries. In this study, ANN is used to estimate the porosity and permeability
from seismic attributes and well logs.

3.3.2.1.Generating seismic attributes

Seismic data were used in establishing the seismic attributes (Figure 8a). The attributes
were further grouped according to four specific tasks, namely, signal processing
method, complex trace, structural, and stratigraphic. Therefore, 20 seismic attributes
were generated in this step following the specific tasks (Figure 8b). Then, all the
established seismic attributes were sampled into the structural model by geometrical
modeling module with arithmetic method from Petrel software. The generated seismic
attributes were utilized for the ANN study to determine the good correlation between
the predicted and well log petrophysical properties.

= 2 Relative Acoustic 2
Fracture density Fracture azimuth 3 A Variance

\

Chaos Flatness

Dominant Gradient

Quadrature Chaos from envelop Ant from envelope Variance from envelopg

Instant from envelope Dip from envelope  Flatness from envelope]

Figure 8. Seismic data for ANN training: (a) cross-section of seismic data along reservoir wells
and (b) seismic attribute generation for the ANN process

b)
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3.3.2.2.Porosity and permeability establishment from ANN training

Figure 9a and 9b depict the workflow for establishing the porosity model through the
ANN model. The ANN technique is applied to integrate selected seismic attributes with
well porosity to predict the distribution of porosity in the fractured basement reservoirs.
The 20 seismic attributes were used in generating several scenarios to rank the best
group for the ANN training. Based on these scenarios, the correlation coefficient
between the well and predicted porosities were later calculated to select the best

probable scenario in predicting the porosity model.

The result of ranking the seismic attributes is presented in Table 4. Scenario 5 is the
best scenario because it has the highest correlation coefficient (0.88) calculated at the

well after propagation in 3D (Figure 9c).

Table 4. Ranking to select the best group seismic attributes for ANN prediction

Scenario Seismic attributes Correlation factor

1 Variance, Chaos, Dip Deviation, Ant-Tracking from 0.46
Envelope, Fracture Density, Fracture Azimuth

2 Relative Acoustic Impedance (RAI), Variance, Dip 0.52
Deviation, Chaos from Envelope, Ant-Tracking from
Envelope, Fracture Density, and Fracture Azimuth

3 RAI, Variance, Chaos, Dip Deviation, Chaos from 0.66
Envelope, Dip Deviation from Envelope, Fracture Density,
Fracture Azimuth

4 RAI, Variance, Chaos, Dip Deviation, Quadrature, Ant- 0.75
Tracking from Envelope, Dip Deviation from Envelope,
Fracture Density, Fracture Azimuth

5 RAI, Variance, Chaos, Fracture Density, Fracture Azimuth, 0.88

Envelope, Flatness, Instant from Envelope, Dip Deviation
from Envelope, Flatness from Envelope
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Figure 9. Adoption of ANN structure to predict porosity values from upscale
well log and seismic attributes: (a) structure of ANN model, (b) schematic
of porosity prediction from ANN, and (c) correlation table of predicted and

well log porosities
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Figure 10. Distribution of porosity model from ANN

The result of ANN porosity is shown in Figure 10. The predicted porosity of each well from ANN
is extracted to verify against the input well porosity. Figure 11 depicts the visually checked and
cross plot between ANN and well log porosities. The distribution of the predicted porosity is
consistent with well porosity. The process of permeability prediction is similar to that of porosity,
therefore, not elaborated. The result of the ANN permeability model is shown in Figure 12. The
predicted permeability cube was extracted for comparison with the well permeability. The
comparison indicates that the correlation factor is quite high to confirm the accuracy of the ANN
permeability model (Figure 13). Through the validation between the predicted and well
parameters, the result of the ANN porosity and permeability models were highly reliable for use

in petrophysical modeling

18



NV-1X well

0.08

R=0.833

0 0.016 0.032
Well porosity

ANN porosity
0.04

o

NV-2X well

0.2

R=0.912

[m]

o M
0 0.04 0.08
Well porosity

ANN porosity
0.1

NV-3X well

ANN porosity
0 _0.04 0.08

0 002 004 0.6
Well porosity
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Figure 12. Distributed permeability model as predicted by ANN
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3.4. POROSITY AND PERMEABILITY MODELING

The predicted porosity and permeability cubes as established by ANN was used as a
reference to guide the porosity or permeability propagation in modeling based on the co-
kriging technique. During the co-kriging process, it was aimed to combine well porosity
with the predicted porosity cube to distribute in the 3D reservoir models. First, well
porosity was upscaled and then modelled in petrophysical modeling by using SGS.
Likewise, the predicted porosity cube is used as a secondary variable in collocated co-
kriging.

A variogram was also important in the model trend. It was observed that, if the
variogram range of major and minor directions is extremely large, then the well porosity
tends to overrule the secondary variable and leads to a smooth picture of porosity along
the horizontal axes. According to the conceptual geological model and FMI interpretation
results, high porosity occurs in the vicinity of faults and drops away from faults. Thus, a

large horizontal variogram was not applicable.

Consequently, two facies were established where the first facies included 2 wells, that
is, NV-1X and NV-2X. The second facies had only one well, the NV-3X well. The range
of the major direction of the first facies was set to 1,500 m and that of the minor direction
was set to 1,000 m. The second facies was set to 1200 and 600 m, respectively. The dip
was set in the main range from 65° to 85° based on FMI interpretation results and seismic
data. This parameter was chosen to represent all azimuths of fractured zones, which is
swept azimuth and compute co-kriging with step 15° following directions in a range from
45° to 90°. The final result of the co-kriging 3D porosity model was the average of the

results of all the computed co-kriging processes.

The process of co-kriging is presented in Figure 14, and the porosity model is illustrated
in Figure 15a. The co-kriging of the permeability model is similar to that of the porosity
model. The well permeability was set as the primary variable. The 3D permeability model
is presented in Figure 15b. The porosity and permeability models are used for further step
to estimate the DST matching and CO> storage capacity in fractured basement reservoirs.
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Figure 14. The co-kriging process to distribute porosity and permeability from integrated ANN
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480 3.5.RESERVOIR SIMULATION FOR DST MATCHING

481 3.5.1. Input data for reservoir simulation
482 A full field reservoir model was established using the result of geological modeling.
483 A fine-scale grid size of 20 x 20 x 25 m cells were used without upscaling. The
484 ECLIPSE 100 simulator (by Schlumberger) was used to construct a reservoir
485 model. Figure 16a shows the 3D reservoir model consisting of 396,576 grids. This
486 large grid system supports in serving the granite fractured basement with high
487 accuracy.
488 (a) (b) Saturation region
1 1 NV-2X, 1 1
0.8 -K: 1os ] ) 0.8 :::\, o8
506 76§ gos 065
£oa o4 g S04 04
30.2 02 E :guz 0.2E
0 T i 0 0 T 0
0 0.20.40.60.8 1 0 0.20.40.60.8 1
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Saturation region nu
1 2

(C) NV-3X well Equilibration region NV-2X well
De Dissolve gas-oil NV-2X Depth Dissolv?d gas-oil
pth i ratio Rs
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TR — ! —. ;::3/: %i:l;: 2147.2 1.8013
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Figure 16. Preparation for DST matching: (a) reservoir model of dynamic simulation, (b)
saturation region in fractured basement reservoirs, and (c) equilibration region in reservoir

models

489 Aside from the static reservoir parameters used to populate the reservoir flow model
490 from the geologic model, the latest available dynamic data, such as fluid contact,
491 PVT, and SCAL, have also been included in this model. Figure 16b depicts the
492 saturation region numbers, and the water-oil relative permeability curves used in
493 the flow simulation model.

494 The reservoir simulation has been initialized with two PVT regions (i.e.,
495 equilibration regions). The first region covers the NV-3X well and the second
496 covers the NV-2X well (Figure 16c). These areas are based on the differences in
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3.5.2.

Porosity

oil properties as identified from the fluid sample. They are characterized by
compositional gradients to be incorporated into the ECLIPSE 100 simulator by
using a variation in dissolved gas—oil ratio with depth.

DST matching

The DST matching was conducted to determine the accuracy of geological models
by comparing to the simulated values. In this study, two DSTs were used in the
NV-2X and NV-3X wells to evaluate the reservoir characteristic. The model history
matching has been applied to test data from these wells. The DST matching was
conducted on the bottom-hole flowing pressure with the wells controlled by oil rate.
The key parameter utilized in the match was permeability. Skin factors and fracture
intersections in each well were used to determine the production index (PI)
distribution along the well.

After the skin in each well was set to match the DST interpretation, the permeability
was increased 2.5 times for the NV-3X well and decreased 0.3 times per NV-2X
well. Moreover, a minor change to porosity around the NV-3X well (5% increase)
is matched to the well-bottom hole pressure in the wells.

The co-kriging method was used to obtain the results. The final result of

permeability and porosity after co-kriging is shown in Figure 17.

Permeability
~ 1000

Figure 17. Reservoir geological model after DST matching: (a) porosity model and (b)
permeability model

The DST matching is shown in Figure 18. The final skin and transmissibility (Kh)
values after history matching in the model are compared with the DST
interpretation in Table 5. The permeability shown in DST interpretations reflects

the “outer” permeability of radial composite models that have been used in the DST
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interpretations. The match between the model and DST interpretation is highly

consistent in helping to improve confidence in the absolute permeability

distribution of the model.

Table 5. The DST parameters after matching

Well NV-2X NV-3X
DST Model DST Model
Skin (fraction) 2.7 2.7 -1.92 -1.92
Kh (mD.ft) 153089.00 162120.32 8191.57 8547.32
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Figure 18. DST matching for fractured basement reservoirs
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540 3.6. UNCERTAINTY ANALYSIS OF GEOLOGICAL MODEL

541 The DST matching evaluated the accuracy of the models through interactive responses
542 between geological modeling and dynamic simulation. However, the following concerns
543 remained in the geological model of granite fractured basement reservoirs:
544 e Geological parameters could not be obtained directly.
545 e Structural maps were still characterized by uncertainty due to seismic
546 interpretation.
547 e Uncertainty remained in the co-kriging of facies models in the petrophysical
548 model.
549 e Well, log and grid upscaling led to model uncertainty.
550 Therefore, geological uncertainty was necessary to perform the pore volume calculation.
551 Thus, 200 cases were run for uncertainty analysis to determine the pore volume by
552 modifying the variogram parameter in Petrel software. The Monte Carlo sampling method
553 was applied to calculate the probability distribution of pore volume. The values of P10,
554 P50, and P90 were subsequently adapted for risk analysis of the theoretical CO; storage
555 capacity (Figure 19).
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Figure 19. Geological uncertainty for theoretical CO2 storage capacity
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4. RESULT AND DISCUSSION
4.1.THEORETICAL CO2 STORAGE CAPACITY

At this section, the main end goal of this study: theoretical CO2 Storage capacity is
highlighted. This necessitated the reason for the in-depth elaboration of the above
modeling methodology.

Several methods have been used to determine the CO2 sequestration capacity for structural
and stratigraphic trapping, residual gas trapping, as well as solubility trapping (Bradshaw
et al., 2005). In this study, we focus on theoretical storage capacity in structural and
stratigraphic trapping by using the following equation:

Mgo, = Axhx®x (L—S,;, )% Bx peo, X E (1)

where m__, is COz storage mass (Mt), A is trap area (m?), h is average thickness (m), @

is porosity (%), s, is irreducible water saturation (%), B is a formation volume factor

(m3m?), p,is CO2 density (kg/m®), and E is the capacity coefficient that integrates trap
heterogeneity, CO2 sweep, and buoyancy efficiency (IEA GHG, 2008).

The CO- storage mass can be defined as an effective capacity by multiplying the storage
effective coefficient C, which is trapping efficiency. The storage mass can be estimated
based on the reservoir simulation. Trap area, porosity, and thickness can be evaluated

accurately on 3D static geological modeling. Thus, instead of using Eg. (1), we adapt
summation of grid pore volumes (V, :ZiA xh x¢)to replace Axhx®, where A; is
model area, h; is grid thickness and 4, is the porosity of grid (Zhong and Carr, 2019). The
new equation can be rewritten as follows:

MCOZ :vax(l_swiir)XBXpCOZXEa (2)

where va is the total pore volume (m®)

Therefore, the theoretical CO> storage capacity can be estimated by using Eq. (2) and
Table 6. The least likely, P10, storage capacity was 7.02 million tons, and the most likely,
P90, storage capacity was 99.5 million tons. In this light, we conclude that the fractured
basement reservoir is capable of CO. storage due to the large amount of CO> that could

be stored in the reservoir. However, the fractured basement is a complex reservoir for CO-
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injection. Thus, further investigation is necessary to improve the understanding of the CO>

flow response in the reservoir.

Table 6. Uncertainty analysis for theoretical storage capacity in fracture basement reservoir

Parameters Symbol Unit P10 P50 P90
Total pore volume 2 Mm? 97 103.4 110.2
Irreducible water Swiir % 0.35 0.25 0.1
saturation
Formation volume factor B Bbl/STB 1.45 1.45 1.45
Average CO; density Peos Kg/m3 768.9 768.9 768.9
Capacity coefficient E % 0.1 0.5 0.9
CO, storage capacity Mco2 Mt 7.02 43.23 99.52

4.2. DISCUSSION

The presented workflow and results in this work show the complexity of constructing a
3D fractured basement type geological model. Nevertheless, the lack of adequate core and
well log data makes this work quite challenging. Therefore, we constructed the 3D
geological model integrating ANN, SGS and co-kriging based on the available data.
Modeling results suggest that ANN is an efficient method in predicting porosity and
permeability values. Also, utilizing SGS and co-kriging methodologies, the 3D model
porosity and permeability were successfully distributed. Moreover, the workflow showed
that DST matching is an important step to adjust the static geological model fitted with
dynamic performance to improve the results of calculated theoretical CO. storage
capacity. Lastly, the uncertainty quantification of theoretical capacity shows 7.02 to 99.52
million metric tons as a plausible range for potential CO,-EOR and storage projects.

When using the ANN algorithm in 3D geological modeling workflow, ranking and
selecting best scenario of the seismic attributes (Table 4) are the key factors to obtain the
results with high correlation with well log data. This finding has a good agreement with
other authors using the ANN approach for petrophysical modeling (Dang et al., 2015;
Fang et al., 2017; Jalalalhosseini et al., 2014). However, these past studies paid no
consideration to DST matching to investigate the reliability of the reservoir model in one

single workflow. DST matching contributed toward validating the accuracy of porosity
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and permeability through dynamic simulation. This step made the proposed method more
unique to build a 3D geological model in fractured basement reservoir.

To conclude, our study proposes a useful workflow with limited core and well log data
using ANN, SGS, co-kriging and DST matching. Due to the ease of application relative
to the proposed workflow, it is recommended hitherto for other fractured basement
reservoirs. A probable limitation to the proposed workflow is that the accuracy of
geological models improves with the availability of more measurement data. Therefore,
to investigate further, more data should be obtained and applied to this methodology. In
addition, the calculation of the theoretical stored CO. only considered structural and
stratigraphic trapping capacity. Thus, other CO2 trappings, such as residual, dissolution,
and mineral, should be performed to understand clearly the dynamics of CO> geo-

sequestration in fractured basement reservoir.

5. CONCLUSIONS

Accurate estimation of static and dynamic CO> storage capacities in depleted oil reservoirs
depends on the accuracy of permeability and porosity models. A reliable workflow for the
construction of the 3D static geological model enhances the distribution of petrophysical
properties. The workflow is useful to improve our understanding of CO2/oil flow response
during the CO- injection process to select optimal CO: storage locations. In many depleted oil
and gas reservoirs, subsurface information, such as core, well logs, and accurate production
history, are not always available.

ANN uses the available data to predict porosity and permeability with high correlation factor
between predicted and measured values. The geostatistical method is integrated with ANN
prediction to establish porosity and permeability distribution in fractured basement reservoirs.
Co-kriging assigns the porosity and permeability of 3D models based on azimuth and dip
parameters from FMI interpretation. The 3D porosity and permeability models could be used
to investigate the fluid flow response and estimate the oil recovery factor as well as dynamic
COg storage capacity.

The following specific conclusions can be drawn from this study:
e Structural model construction is the first priority step for geological modeling.
¢ ANN is an effective method in predicting porosity and permeability based on seismic

attributes and well log data.
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e The ANN method can estimate porosity and permeability values with reasonable
accuracy.

e Co-kriging simulation with suitable azimuth and dip parameters was integrated with
ANN prediction values to establish the 3D petrophysical model in fractured basement
reservoirs.

e Good DST matching indicated that the distribution of porosity and permeability is
reliable in evaluating dynamic reservoir performance.

e Based on the calculations in Eq. (2), the P90-P10 theoretical CO, storage capacity
ranges from 7.02 million tons to 99.5 million tons.
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Figure captions
Figure 1. Stratigraphic column of NV field in Cuu Long Basin.

Figure 2. NV field view showing a fractured basement reservoir as modelled in this study. The
blue polygon indicates the study area. The red line shows distance from the CO, power plant to
the injection site.

Figure 3. Illustration of data used in this study: (a) seismic horizon from seismic interpretation,
(b) fault system in fractured basement reservoirs, (c) well log data including porosity and
permeability values, and (d) FMI interpretation to obtain azimuth and dip parameters

Figure 4. Basic ANN structure. In this illustration, there are three input attributes, four neurons in
the hidden layer, and two log samples in the output layer

Figure 5. Schematic representation of the integrated workflow to estimate theoretical CO> storage
capacity

Figure 6. Upscaling porosity and permeability to define grid cell number for a structural model

Figure 7. Structural modeling process for fractured basement reservoirs. (a) Develop fault system;
(b) skeleton grid; (c) final structural model

Figure 8. Seismic data for ANN training: (a) cross-section of seismic data along reservoir wells
and (b) seismic attribute generation for the ANN process

Figure 9. Adoption of ANN structure to predict porosity values from upscale well log and seismic
attributes: (a) structure of ANN model, (b) schematic of porosity prediction from ANN, and (c)
correlation table of predicted and well log porosities

Figure 10. Distribution of porosity model from ANN

Figure 11. Cross-validation to check correlation factor between ANN and well log porosity values
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Figure 12. Distributed permeability model as predicted by ANN

Figure 13. Cross-validation to check correlation factor between ANN and well log permeability
values

Figure 14. The co-kriging process to distribute porosity and permeability from integrated ANN
and well log values. (a) Segment of NV-1X and NV-2X; (b) Segment of NV-3X

Figure 15. Co-kriging result to generate petrophysical model: (a) final porosity model and (b) final
permeability model

Figure 16. Preparation for DST matching: (a) reservoir model of dynamic simulation, (b)
saturation region in fractured basement reservoirs, and (c) equilibration region in reservoir models

Figure 17. Reservoir geological model after DST matching: (a) porosity model and (b)
permeability model

Figure 18. DST matching for fractured basement reservoirs

Figure 19. Geological uncertainty for theoretical CO> storage capacity
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