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ARTICLE INFO ABSTRACT
Keywords: COz-enhanced oil recovery (CO2-EOR) has been a mature and promising technology since the 1970s, offering a
Reduced-order model dual solution for energy production and carbon sequestration. Recent advances in reduced-order models (ROMs)

CO»-Enahanced oil recovery
Geological carbon storage
Reservoir simulation
Net-zero emissions

using empirical analysis and artificial intelligence (AI) tools handle complex data efficiently. However, existing
ROMs for CO,-EOR often lack validation due to data confidentiality or are too case-specific for broader appli-
cation. This paper introduces a framework to close these gaps, enabling the development and consistent com-
parison of generalized ROMs for CO2-EOR with carbon capture and storage (CCS), even with traditional tools. A
synthesis dataset (~3000 runs) was established to develop ROMs, which were validated using field data from
both EOR and CCS perspectives. Three key findings are revealed. First, normalizing outputs with respect to COy
utilization illustrated a direct relationship between CCS and EOR. Second, generalized statistics-based ROMs
reduced input complexity and validated field data but predicted fewer outputs. Machine learning-based ROMs
predicted more outputs, supporting field operational decision-makings. Last, ROMs were particularly suitable for
early-stage, large-scale CO2-EOR assessments. This study extended the boundaries of developing generalized
ROMs for CO2-EOR and identified pros and cons across modeling approaches, contributing to net-zero goals and
advancing sustainable and affordable energy future.

Nomenclature (continued)
Abbreviations
Abbreviations
SI Supporting information
AL Artificial intelligence SPE5 Fifth comparative solution project by society of petroleum engineers
ANN Artificial neural network stats-ROM Statistical based ROM
BHP Bottomhole pressure STB Standard barrel
CCS Carbon capture and storage SVM Support vector machine
CCUS Carbon capture, utilization and storage SWAG Simultaneous water and gas
CGI Continuous gas injection TRL Technology readiness level
CMG-GEM Compositional reservoir simulator by Computer Modeling Group WAG Water-altering-gas
CO2-EOR COz-enhanced oil recovery XGBoost Extreme gradient boosting
GHG Greenhouse gases
HCPV Hydrocarbon pore volume Symbols
IEA International Energy Agency B, 0Oil formation volume factor
ML Machine learning HCPVco, inj Injected CO; in HCPV scale
ML-ROM ML based ROM HCPV(o,prea Produced CO3 in HCPV scale
Mtpa Mt per annum Mco,: Theoretical CO; storage capacity in mass
OO0IP Original oil in place MAPE Mean absolute percentage error
ROM Reduced-order models MSE Mean squared error
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Abbreviations
R? Coefficient of determination
Rco, ret CO,, retention factor
RFcym Cumulative recovery factor
RF; Incremental oil recovery factor in percentage of OOIP
RMSE Rooted mean squared error
RMSPE Rooted mean square percentage error
UFco, net Net CO,, utilization factor
UFco, gross Gross CO» utilization factor
Vo, injre Volumetric CO; injection at reservoir condition
Vo, prod Volumetric CO3 production at reservoir condition

1. Introduction

Limiting global warming to 1.5 °C necessitates a major decrease in
greenhouse gas (GHG) emissions and is important in reaching net-zero
globally emissions by around 2050 [1-3]. An all-time high of 37.7 gig-
atons of energy-related COy (GtCO2) emissions was reported in 2023,
representing 85 % of total global CO, emissions [4]. At the same time,
global energy consumption has grown by 1.7 % in 2023 and is expected
to continue to grow apace [4], meaning that we must meet a growing
demand for secure and reliable energy while also mitigating GHG
emissions. Carbon capture, utilization, and storage (CCUS) is a set of
emissions reduction technologies, the use of which has rapidly grown in
the past decade and will need to continue to grow to overcome the dual
challenges for the energy sector [3,4]. Successful deployment of planned
CCUS projects could total the annual CO, capture capacity to 435 Mt and
storage capacity to 615 Mt by 2030 in future energy scenarios [2,3],
highlighting the substantial potential of these technologies in mitigating
global warming concerns, such as reducing the carbon footprint for the
hydrogen supply chains [5]. In the oil and gas industry, CO»-enhanced
oil recovery (CO2-EOR) is a commercial-scale technology that simulta-
neously addresses the dual challenges of improving hydrocarbon re-
covery, permanently sequestrating CO5, and mitigating CO, emissions
[6]. As of 2017, there were approximately 166 field applications of
CO2-EOR projects all over the world, of which 136 were in the U.S. and 9
in Canada [7]. Therefore, assessment of CO5-EOR can benefit from a
sound understanding of this process from both the oil recovery and the
carbon sequestration perspectives, especially at the early stages of
project investments.

Traditional reservoir performance forecasting methods for CO2-EOR
include analytical/semi-analytical (i.e., fractional flow equations and
the Koval theory [8]), decline curve analysis (i.e., the Hubbert theory [9,
10]), and reservoir modeling (i.e., multiphase and multicomponent
compositional models) approaches [11,12]. In recent years,
reduced-order models (ROMs) have been established and discussed
based on empirical statistics and the development of artificial intelli-
gence (AI), such as examples from Azzolina et al. [13], Middleton et al.
[14], and Bachu [15]. As a subfield of Al, machine learning (ML) has
gained significant attention from researchers and practitioners due to its
ability to handle large and complex data sets and to predict the reservoir
performance [16,17]. Applications of ROMs in CO»-EOR are character-
ized to three perspectives: (1) to develop screening criteria to clarify
suitable reservoirs for miscible CO»-EOR [15,18-20], (2) to statistically
understand the relationships between reservoir performance and oper-
ational conditions at scales [13,21,22], and (3) to establish the foun-
dational predictions for the economic and environmental assessments at
the earliest stage in decision-making [14,22-24]. In summary, the ROMs
are deployed to provide quick and efficient estimation in a short time-
frame with less field data accessible. These approaches were subse-
quently used to assess life-cycle CO, emissions of a CO2-EOR process
[24].

Evidence in the current petroleum industry suggests that ROMs are
promising techniques being increasingly articulated to study the
development of CO,-EOR as well as CO, sequestration. As noted, the
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development of ROMs in the CO»-EOR and CCS areas mainly lies in two
different categories based on the statistical approach and ML techniques.
The progression, however, is still in a preliminary stage due to a limited
number of existing field datasets in the peer-review literature and the
uncertain pedigree for those that do exist, owing to the confidentiality
reasons.

In summary, there are three challenges to develop ROMs in CO;-
EOR. First, insufficient reliable data is available for statistical analysis or
ML training purpose. Second, applying ROMs contains difficulties, as the
stats-ROMs are not validated properly, and ML-ROMs are mostly vali-
dated only for case-specific studies. Thus, no generalized ROMs can be
widely applied. Third, the role of stats- and ML-ROMs has not been well-
understood in reservoir simulation nor the circumstances of their
applicability in broader analysis, for example, in the field of techno-
economic and life cycle analysis.

This paper seeks to answer two specific research questions in order to
address these challenges. First, how does one create, validate and
consistently compare the generalized ROMs based on different methods?
Second, what are the capabilities of the ROMs given them an advantage
over conventional approaches? This study, for the first time, creates
generalized ROMs based on statistical and ML approaches to forecast the
performance of CO,-EOR associated with CCS. Synthetic and field data
have been developed and collected such that a consistent comparison
between different type ROMs can be outlined with proper validation.
Additionally, by comparing the ROMs and conventional methods (e.g.,
compositional reservoir simulation), this study identified the conditions
under which different predictive approaches can be applied for CO»-
EOR.

The rest of the paper is structured as follows: In Section 2, mathe-
matical indicators and a framework for the ROMs and statistical and ML
approaches are introduced. Section 3 discusses the performance of
generalized stats- and ML-ROMs in CO»-EOR individually and applies
both ROMs to the Weyburn oil field. A comparison between two ap-
proaches as well as with numerical simulation are outlined. Implications
and outlooks of the ROMs in CO»-EOR are discussed accordingly. Section
4 summarizes this work. Supporting information (SI) is provided along
with this paper.

2. Methods
2.1. Overview framework

As stated, the objective of this study is to develop the generalized
predictive ROMs using the statistical method (stats-ROMs) and the
machine learning algorithms (ML-ROMs) of CO2-EOR and consistently
compare between two approaches. Fig. 1 depicts the schematic frame-
work of this research. As highlighted, this research comprised of five key
procedures including.

1. Applying reservoir simulation techniques to create a theoretical base
CO3-EOR case using a commercial compositional reservoir simulator
(CMG-GEM) from Computer Modeling Group Ltd. and the fifth
comparative solution project (SPE5) by the Society of Petroleum
Engineers and our previous work [25-34].

2. Synthesizing a large production dataset (3000 equal-probability
simulation runs) by iteratively running the model with a variety of
input distributions based on worldwide historical CO2-EOR opera-
tions [35].

3. Processing the simulation results and collected field data based on
approaches in Section 2.1.

4. Developing the generalized ROMs by either the statistical or ML
approaches.

5. Validating the ROMs with the field production data from the Wey-
burn oil field.



H. Ma et al. Energy 320 (2025) 135313

CO,-EOR Reservoir Modeling | Reservoir Simulation
Base Reservoir Model ; " ;
< N Simulation Data Processin
(Heterogenous SPE-5) g
— ] ; :
Field Data Processing
Output Selections |:|
(Three outputs) | | Developing ROMs
!
One-at-a-time [ ] ROMs Field Validation
Geological Properties DRy AR —=
v L, Statistical Approach
Monte Carlo A Input Selections .
Simulation (Geological + Operational) L[__ _! ML-based Approach
________ GeneralizedROMs ROM Field Validation
| Statistical ROMs 'i
: Nonlinear | | Coefficients |— Generalized f
| Regressions Statistical ROMs | |
— - : Weyburn Oil Field
i P - Production Data
| ML-ROMs | F
: Train ROMs with | Test Generalized | |
(LML Algorithms ROMs ML-ROMs | |
_______________________ J]

Fig. 1. The overview framework of this study. A compositional reservoir simulator is used to synthesizing the input datasets for the stats-ROMs and ML-ROMs.
Geological properties of CO,-EOR reservoirs are sourced from the world EOR survey published in 2014 [35]. Monte Carlo simulation is used in this study to create the
heterogenous reservoirs (i.e., porosity and permeability profile, see SI section S1.1) and featured geological inputs for the reservoir simulations. A total of ~3000
CO,-EOR were simulated according to existing statistics of CO»-EOR field (see Fig. S3), which is used to create a wide range of inputs by Monte Carlo simulation (see
Fig. S4). The monthly gas injection and oil production data for the Weyburn oil field [36] was processed for the purpose of validating stats-ROMs and ML-ROMs.

2.2. Computational indicators e., typically the waterflooding of the secondary recovery), Pgor refers to
the cumulative oil production during the CO2-EOR. Both Pgor and
i) The total injected CO, volume is expressed as a fraction (or multiple) E|[Pyecondary] are in the volumetric unit of [L3.
of the hydrocarbon pore volume (HCPV), which is defined as the
volume of injected CO4 over the total HCPV at reservoir conditions, iii) The gross and net CO, utilization factor (UFco, grosss UFcoj net)
as denoted in Equation (1) [37,38]. described in Equations (3) and (4) [13], defines the total injected
Vo mre or net consumed CO; in mass per standard barrel (STB) of in-
HCPVco, inj :m @ cremental oil recovered, respectively. The units of both factors
are [kgCO,/STB]. In addition, the net CO, utilization factor can
Where, HCPV o, inj is a dimensionless quantity that commonly varies be derived by multiplying the gross CO, utilization factor with
from O to 3 at the field scale; Vco, injrc is the total volumetric amount of the CO; retention factor, which is given in the later text.
injected CO at the reservoir condition with a unit of [L3]; OOIP is the Mco, ini
original oil in place in the dimension of [L%]; B, is the oil formation UFco, goss :m @
volume factor, a dimensionless variable, usually expressed in units of "
reservoir volume over standard volume [RB/STB] [38]. This equation is Mco, inj — Mco, prod

UFCOZ,net = = UFC02 gross X RCOZ et (4)

also valid to covert produced CO, to HCPV scale (Vgo,proa— RF;, x OOIP
HCPV¢o, proa) by substituting the subscript and plug-in corresponding

values. iv) The CO; retention factor (Rco, ret), @ dimensionless variable, is

given by taking either the mass or volumetric ratio of total CO;
retained in the reservoir over the total injected CO (at consistent
reservoir or surface conditions), as Equation (5) demonstrates

ii) The incremental oil recovery factor represents the additional volume
of oil produced during CO,-EOR. We adopted the dimensionless

variable expressed in percentage of OOIP as Equation (2) presented [13]
[38]. '
» P Reo ~ Mco,inj — Mco,prod  Vcoyini — Vo, prod
- ret — -
RF, :W ) 2 Mco, inj Vo, inj

= HCPVc¢o,,inj — HCPV¢o, prod 5)

Where, RF;, is a fraction between 0 and 1, inclusive; E [Psewnda,y} repre-
sents the expected cumulative oil production from the previous stage (i.
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v) The WAG ratio for WAG and SWAG operations can be calculated
according to Equation (6) by taking the ratio of water over COy
volumetric injection rate at the reservoir condition [38]. For the CGI,
since water is not injected into the reservoir, the WAG ratio is equal
to zero.

WAG Ratio — (6)

COy inj,rc

vi) Regarding the efficiency of water usage of the WAG and SWAG
process, the water production ratio is given by Equation (7) [39],
which is also a dimensionless variable and expressed as the per-
centage of total volumetric water injection at the surface
condition.

Vw.prod (7)

Rw.prod =
Vw.inj

2.3. Basic reservoir modeling

As mentioned, the SPE5 model was selected as the foundational
reservoir model to create the theoretical heterogenous reservoir model
using the CMG-GEM [26-28]. The SPE5 model is a well-known
comprehensive generalized test dataset for miscible flood simulation
studies for its completeness and wide applicability [34]. Both homoge-
neous and heterogeneous SPE5 models are used in this study, as shown
in Fig. 2. The base values of SPE5 reservoir properties are listed in
Table S1. There are three layers with a total thickness of 30 m. The oil
components were modified according to Kamali and Cinar, which con-
tains 35 % of Cg and 65 % of C1¢ [30]. The minimum miscible pressure
(MMP) of COy and oil was obtained from CMG-WinProp (a phase
behavior simulator) via the Peng-Robinson EOS and is equal to 1750 psi
(or 12 MPa). A single porosity model was utilized, and the COg solubility
in water was neglected. For the heterogeneous model, the porosity for
each block was simulated using the Monte Carlo method with a normal
distribution of an average value equal to 0.3 with a 30 % standard de-
viation (porosity in a range from 0.1 to 0.5 for each block), the same as
the average constant porosity of the homogeneous reservoir. Since SPE5
is a theoretical study case, the porosity is assumed not spatially corre-
lated. The permeability for each block was generated based on the
Kozeny-Carman equation (see SI Equation S(1)), which describes a

89784,
I—SOOOO

=700.00
600.00
500.00

400.00

122.55-

Fig. 2. Demonstration of heterogeneous reservoir creation by horizontal
permeability profile of a theoretical heterogeneous reservoir model based on
SPE5, where the vertical permeability is equal to 0.1 times the horizontal
permeability. The relative permeability curves can be found in SI Figure S1.
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relationship between porosity and permeability [40].

There is one injector and one producer in the simulation with
operational conditions following scenario three (designed for miscible
gas flooding) in the original SPE5 model [25]. The primary production
lasts one year due to the reservoir pressure depletion plus one year of
secondary recovery of waterflooding. The oil production rate of the
producer is at 12,000 STB/day with a minimum bottomhole pressure
(BHP) of 1000 psi (7 MPa). A constant pressure production is assumed
with the no-flow boundary condition. For the base case, the BHP for the
injector is fixed at 4500 psi (31 MPa) with a water injection rate of 12,
000 STB/day and a gas injection rate of 20,000 MCF/day (5.6 x 10°
m>/day). The basic homogeneous reservoir model was validated with
the original solution of the SPE5 model and the results from the refined
SPE5 model by Kamali and Cinar [25,30].

2.4. Statistical method (nonlinear regressions)

A nonlinear regression method was utilized in this research to
explain the relationship between dependent and independent variables.
A successful application of the nonlinear regression method generally
contains two steps: (1) selecting a fundamental statistical model and (2)
fitting modal parameters. The logistic growth regression model is
described by Equation (8) below, which has been used to describe the
statistical behaviors of COo-EOR with respect to the total injected fluid
as the dependent variable [13,21]. Equation (9) is the Michaelis-Menten
model that has also been investigated to describe the incremental oil
behavior of CO2-EOR in recent years [21]. The power regression
described by Equation (10) is used to describe the behavior of UF¢o, net
and HCPVco, irj, which has not been investigated to the CO2-EOR before
this research [41].

y=A+ & (8)
1+exp {’%C}

y= ( BA_:CX) + constant 9

y=Axx (10)

In Equations (8)-(10), x is the independent variable; y is the dependent
variable; A, B, C, D are regression coefficients. In Equation (8), x refer to
the total water and CO;, gas injected in HCPV scale and y refer to the RF;,
as discussed in later sections. Additionally, we also deploy Equation (10)
to study the relationship between injected and produced CO5, where x is
the injected CO5 and y is the produced CO; both in HCPV scale. In
Equations (9) and (10), both x represent injected CO, in HCPV scale,
where y denotes RF;, and UFco, net, respectively. The model accuracy is
evaluated based on the Coefficient of determination (R?, Equation (11))
and the mean squared error (MSE, Equation (12)) from the Minitab
software [42]. The nonlinear regressions are carried out by Minitab
software [42].

Selection of proper statistical models following the procedures of (1)
comparing with the previous analytical/semi-analytical approaches, (2)
observing the behavioral shapes and testing potential statistical models,
and (3) applying relevant statistical models from existing literature.
Based on this approach, we select the Michaelis-Menten model for the
evaluation of EOR performance because it shares a similar format with
the conventional semi-analytical fractional flow equation (see SI Section
S1.5) by Koval, which explains the fluid displacement during CO5
immiscible and miscible flooding [8,43].

2.5. Machine learning method

In this paper, we developed three ML-ROMs with different combi-
nations of inputs and outputs based on the synthetic dataset generated
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by numerical simulations. The inputs include six sensitive geological
features and six operational conditions, while there are six outputs for
each ROM. The detailed variables of input and outputs are documented
in SI Table S2. Three binary variables were used to represent the oper-
ational schemes for WAG, SWAG and CGI, where 1 indicate the corre-
sponding operation and 0 indicates not belonging to that category. For
example, a CO2-EOR with WAG equal to 1, stated that the CO5-EOR is
operating by WAG, thus, the value of SWAG and CGI will be equal to
0 automatically, because a project can only operate under one scheme.
By creating three ML-ROMs, the results can be cross-validated with each
other to assure prediction robustness, and the ROMs can be further
applied to support the development of techno-economic and life cycle
analysis. For instance, Model 1 applied the WAG ratio as the input, while
Models 2 and 3 incorporated expected incremental oil recovery factor
and net CO-, utilization factor, respectively, to predict the WAG ratio of
CO2-EOR. Therefore, the WAG ratio predicted by Model 2 can be vali-
dated with the value predicted by Model 3 to ensure that the predictions
are effective. Further, the prediction value (i.e., WAG ratio) can be used
as an input to Model 1 to predict the incremental oil recovery factor so
that it can match with the expectation value for Model 2 and 3 as the
optional verification step. Another rationale is that a model can be
selected to make predictions according to different input features from
the reservoir properties as it is always challenging to collect all required
input features for a ML-ROM. Regarding the selection of candidate al-
gorithms, this study deployed supervised learning as the foundation tool
to develop ML-ROMs. The input features and corresponding targets are
well-labeled in this study. Typically, supervised learning can include
seven steps: data collection, data preprocessing, model selection, feature
selection, training model, model evaluation, and testing model. In the
data preprocessing step, the synthetic dataset has been normalized to a
standard range, and then, the training and testing set are split by a ratio
of 8:2. A data normalization treatment is commonly used to avoid the
underfitting or overfitting problems in the ML model developments
[44]. The “scaling to a range” method has been used for normalization,
which converts floating-point feature values from their natural range
into a standard range [44]. Three algorithms are used in this study to
develop each ML-ROM, including the extreme gradient boosting
(XGBoost), support vector machine (SVM), and artificial neural network
(ANN, we used the multilayer perceptron model specifically, herein used
“ANN” as the abbreviation in this paper). The Bayesian optimization
method has been used for hyper-parameter optimization for the three
algorithms, following our previous work [45,46], where the optimal
hyper-parameter combination is listed in Table S4. Detail descriptions of
the three ML algorithms plus the Bayesian hyperparameters optimiza-
tion are documented in SI Section S1.3.

2.6. ROM evaluation matrix

The consistent comparison across stats-ROMs and ML-ROMs neces-
sitated a robust evaluation for each model regarding to the prediction
performance. The coefficient of determination (R?) is a statistical mea-
surement of goodness of fit describing the fitness of the regression ac-
curacy. In general, the range of R? varies from 0 to 1, where a higher
value of R? of approximately one stands for better accuracy. The
mathematical presentation is given in Equation (11). where y; is the
prediction of a sample (i.e., predictions from ROMs); y; is the corre-
sponding actual value (i.e., calculated results from numerical model); y;
is the mean of the actual value of a target; n is the number of the samples
[44].

~\2

Y —) an
—\2

Z?:l i = ¥)

Conventional measurements of the variation between predictive

value and true value include the mean squared error (MSE, Equation
(12)) and the root mean squared error (RMSE, Equation (13)). For stats-

R?=1-
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ROMs, the MSE are calculated by Minitab to verify the prediction ac-
curacy and RMSE is calculated to compare with ML-ROMs. However,
neither of the methods can normalize the multiple compared parameters
to the same scale to make the comparison between all predictive out-
puts. Therefore, for the ML-ROMs, we adopted the rooted mean square
percentage error (RMSPE, Equation (14)) and the mean absolute per-
centage error (MAPE, Equation (15)) to compare the model robustness
across the three ML-ROMs, because the RMSPE and MAPE give the error
in percentage so that it is easy to compare all predictive variables [44].

1¢ -
MSE=- S -y 12)
i=1
RMSE = VMSE (13)
100% [ R
RMSPE="""21 " (yi = 5" /3 a4
=1
100% " -
MAPE:TZb'i*J/i\/}’i 15)
i=1

3. Results and discussion
3.1. Performance of stats-ROMs

In this section, the results of generalized stats-ROMs are presented
according to the nonlinear regressions from both the oil recovery and
CO4 sequestration perspectives. We focus on RF;, to describe reservoir
performance from the EOR perspective and Rco,ne: to characterize
geological storage performance. In contrast, UFco,n: balances both
perspectives, as it is effectively a ratio of oil production to CO5 storage.
As mentioned, the reservoir performance is normalized to the scale of
CO4, injection in HCPV. Three generalized stats-ROMs are shown by the
solid curves in Fig. 3, and the 25th and 75th percentile estimates (P25/
P75) are shown by the dashed lines. For each of the three stats-ROM, the
coefficients from nonlinear regression results are listed in the basic
equations on Fig. 3, such that the generalized stats-ROMs in this study
can be further extend and applied to other relevant research.

The incremental oil recovery factor (RFy). All simulation runs (~2156
runs) were calculated and compiled to a single data pair of HCPV o, inj as
the independent variable and RF; as the dependent variable. The
average fitting curve (generalized stats-ROM for RF;;) with the P25/P75
estimates are obtained as shown in Fig. 3(a) using the Michaelis-Menten
model, which illustrate the empirical relationship between RF;, and total
injected CO, during the CO2-EOR operation. Although the log-logistic
regression can be used to interpret this relationship according to Azzo-
lina et al. [13], the Michaelis-Menten equation can further reduce the
model complexity as it only contains two fitting coefficients instead of
four, but with the same capability in forecasting this type curves [21]. In
addition, the coefficients of the Michaelis-Menten equation have been
endowed the physical meanings, where coefficient A represents the
maximum RF;, at a given HCPVo, i and B is the time at which the RF;,
is half of its max value at the given HCPVo, inj [21]. The maximum RF;,
is diminishing as more CO3 is injected, owing to the declining residual
oil saturation as the operation approaching late stage. It is reported
CO2-EOR can effectively recover 7-22 % OOIP for an HCPVo, irj up to
around 2.0 HCPV in field applications [15]. We obtained that the
maximum RF;, can achieve to 12.1 % on average when injecting 2.0
HCPV CO-, for conventional CO2-EOR operations, whereas the P75 es-
timate can reach to 14.5 % OOIP on average. This finding is consistent
with field observations, demonstrating this generalized stats-ROM can
be applied as an empirical estimation tool. Moreover, in most CO2-EOR
operations, it is usually taking time for oil and displacement, therefore, a
time gap is typically noticed after CO- injection and bounce on oil re-
covery, the oil rates declined at the end of waterflooding and increasing
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Fig. 3. Generalized stats-ROMs of CO,-EOR according to synthetic datasets. The nonlinear regressions are deployed with respect to aggregated data of 2156
simulations. Only 100 randomly selected simulation runs are shown in this figure to maintain the high-resolution and visibility. For this figure, the x-axis presents the
total injected CO, in HCPV scale calculated by (Eq. (1)) across (a) to (c). The y-axis represents (a) The incremental oil recovery (RF;,) in the unit of percentage
calculated by (Eq. (2)), where the stats-ROM is obtained by applying the Michaelis-Menten regression(Eq. (9)); (b) The CO; production (Vco, proq) in unit of per-
centage of HCPV (HCPV o, proq) calculated by (Eq. (1)), where the stats-ROM is established by logistic regression(Eq. (8)); (c) The net utilization factor (UFco, net) in
the unit of kgCO,/STB calculated by (Eq. (4)), where the stats-ROM is developed by power regression (Eq. (10)).

a few months after the CO» injected [47]. According to our observation,
we noticed oil rate is increasing after 4.6 % HCPV of COs is injected on
average. For the cases with lower WAG ratios, typically less than 1, and
completely oil depletion during the waterflooding stage, where the oil
rate approach to zero by the end of waterflooding, the soaking time is
usually longer and result in a greater accumulative incremental oil re-
covery factor. In contrast to previous studies which used the total in-
jection (i.e. water + CO3) as the independent variable, this work
attempted to split the presence of water in the empirical analysis such
that the in-depth understanding on effectiveness of CO5 injection can be
established accordingly. A limitation is observed for this generalized
stats-ROM based on Michaelis-Meten equation according to Fig. 3(a),
which is that the ROM is under-estimating the RF;,, especially during the
gas breakthrough period. This is because the CO, breakthrough time is
highly uncertain depending on the field geological variabilities, which
cannot be interpreted by the generalized stats-ROM.

The CO; retention (Rco,ret) factor. Based on the results from nu-
merical simulation, COy was produced after a gas breakthrough point.
Depending on the impact of different injection schemes, the break-
through points can be expected to be at from 10 % to 35 % HCPV of the
total CO; injected and the average breakthrough point is approximate to
23 % HCPYV after CO, is injected. The result in Fig. 3(b) indicates that the
relationship of cumulative CO, production and cumulative COy

injection can be interpreted based on the logistic regression for all CO,
secondary and EOR simulations. Hence, the R¢o, re: can be estimated by
Equation (5). The generalized stats-ROM illustrates that the maximum of
74 % injected CO; will be produced on average, which means that the
Rco, ret is approximate to 26 % on average for the CO,-EOR project.
The net CO3, utilization (UF¢o, net) factor. In this part, the generalized
stats-ROM is presented, whereas the UF o, gross is discussed in SI section
S1.4 and Fig. S8. As shown in Fig. 3(c), a power function was adopted to
describe a correlation between the UF¢o, net Vs. the CO; injection in
HCPV scale for the CO5-EOR process. As a result, the UF¢o, ner declines
from infinite to around 70 to 250 kgCO,/STB for all simulation scenarios
owing to a low increasing oil rate at the beginning stage of CO3 injection.
Then the UFo, net rapidly declines to a breakthrough point, as in this
period the CO; is not produced but the incremental oil recovery is
significantly increased. After the breakthrough point, the UFco, net
smoothly declines to a constant value. As mentioned, the UF¢o, net DOt
only measures the efficiency of CO; utilization in terms of the marginal
usage of CO, per barrel but also demonstrates the potential amount of
CO4, that can be stored in the residual oil zones in during the CO,-EOR.
There is no effective model to describe the gross utilization factor as
evidenced in SI Figure S8 and section S1.4. As observed, producing one
barrel of oil in this study has the capability to store 196 kg of CO2 on
average regardless of the variations of changing operational conditions.
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The UF¢o, ne: is significantly influenced by the WAG ratio, as increasing
the water fraction inherently reduces the volume of CO injected,
thereby lowering the amount of CO available for recycling. This rela-
tionship underscores the importance of optimizing the WAG ratio to
balance EOR performance with UF¢o, net, Warranting further investiga-
tion into the interplay between injection strategies and CO5 recycling
dynamics.

3.2. Performance of ML-ROMs

In this section, the performance of ML-ROMs is discussed by
comparing the three models described in Section 2.5 with different
combinations of inputs and outputs, which can be found in Table S2. As
mentioned, after filtering the dataset, a total of 2156 and 1421 data
points have been used for the ML-ROMs (where Model 1 used 2156
points, Model 2 and 3 used 1421 points). The data points have been split
into training and test sets with the ratio of 8:2 and normalized to stan-
dard range before applying to ML algorithms. The difference in outputs
between Model 2 and 3 is caused by the expectation of RFj;co, or
UF¢o, ner where Model 2 predicts the WAG ratio with the targeted RF;,,
and Model 3 predicts the WAG ratio with the targeted UFco, net. Ac-
cording to Fig. 4(b) and (c), the WAG ratio can be accurately forecasted
for Models 2 and 3 with R? less than 90 %, which is not as good as other
five predicted outputs. It also shows that Model 3 can achieve better
performance with the optimal ANN model to predict the WAG ratio,

(a) Ul:(‘O:.Gross
1.0/
RHzO,prod RF in
SFCO? RCO:«rel
|:] XGBoost
ANN
MCO:‘cap SVM

(©)

SFco,

(b)

M

COz,cap
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where R? can achieve 96 %. The R? results (Fig. 4) presented that the
ANN is the best algorithm after the Baysian hyperparameter optimiza-
tion. The R? of each output is about 95 %, where the greater covered
area of the radar plot indicates a better performance of the prediction.
Although the SVM also performed well in Model 2 and 3, it is limited by
predicting one output for each run, resulting in a longer computational
time, which is quantitively evidenced in SI section S1.7. Another
observation is that all algorithms have limited capabilities in predicting
the WAG ratio according to the results from Model 2 and 3. The reason is
that the WAG ratios are a human-determined variable, which influences
the reservoir performance substantially, and therefore, adding the un-
certainty to the reservoir performance accordingly. The forecast per-
formance of each output can be also analyzed by comparing the
predictive value with the numerical simulation results as shown in
Fig. 5, where each output has been compared. The closer the data point
to the unit line means better forecasting performance. In short, by
comparing the R? and results of evaluation matrix (documented in SI
section S1.6), all selected algorithms can achieve high prediction accu-
racy with R? greater than 90 % after the Bayesian search of optimal
hyperparameters. Among that, the optimal ANN model can predict all
six outputs with R? greater than 96 %, which is the most accurate among
all three algorithms in developing the ML-ROMs.

WAG Ratio
1.00

UFC 0:,Gross

RC Oz, ret
XGBoost
ANN
SVM

WAG Ratio

RCO:,rct

XGBoost
ANN
SVM

Fig. 4. Performance ML-ROMs by evaluating the R? of six outputs for each model. Data of this figure includes 432, 284, and 284 simulation runs (test sets) for
(a) Model 1, (b) Model 2 and (c) Model 3, respectively. The three models comprised of different inputs and outputs, where the outputs (equation to calculate CO4
storage capacity can be found in SI Section S1.5) are shown at each corner in (a) to (¢) and detailed inputs can be found in SI Table S2. Axis of radar graph stands for
the value of R? calculated by Eq. (11), where the maximum value is 1, indicating the best fitness. In brief, the greater covered area demonstrates the better per-

formance of the selected ML algorithms.
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Numerical Simulation Results

Fig. 5. Performance comparison (test sets) of ML-ROMs with the reservoir simulation by CMG-GEM. The x-axis represents the values collected from the
reservoir models and y-axis represents the predictions by ML-ROMs. The closer to unit line in each figure indicates a better predictive performance. The color of data
points stand for the ML algorithms and the shape represents the outputs for each data point. From top to bottom rows, the performance of three models is evaluated in
each row. For those outputs in percentage, the integrated plots are presented by differentiating the shape of data points in (b), (e), and (h).

3.3. Application of ROMs to the Weyburn oil field Michaelis-Menten model is predicted the RF;, at 8.31 %. To make the
predictions more accurate, we incorporated portions (e.g. a quarter or a
The Weyburn oil field is one of the largest medium gravity crude half of the production data as shown in Fig. 6) of the production data to

oilfields in Canada and has undergone CO»-EOR since 2000, with most the generalized data and regenerated the Weyburn-specific stats-ROM.
of the CO5 sourced from a synfuels plant in North Dakota. As of May Fig. 6(a) clearly shows that the accuracy of the prediction can be

2021, over 34 million tonnes of CO, have been stored (calculation of improved with the penetration of the production data. For example,
CO2 retention by Eq. (5)) to the reservoir with more than 155 million using a half of production data and the Weyburn-specific stats-ROM
gross barrels of incremental crude oil has been recovered, which made estimated the RF;, at 8.98 %, which is closer to the reality compared to
the Weyburn the world’s largest geological CO; storage project [48]. the generalized stats-ROM. Although the accuracy of the generalized
Table S6 listed the collected geological properties from previous studies stats-ROM can be improved, half of the production data corresponds to
of Weyburn oilfield that was required by the ML-ROM but not for the 10 years of real time in the case of the Weyburn. In contrast, the
stats-ROM. Since the whole field contains multiple well patterns and ML-ROM forecast a RF;, of 9.40 % is an overestimate, and the incorpo-
operational schemes, it is extremely challenging to accomplish the ration of field data does not significantly affect the ML-ROMs in terms of
reservoir simulation at the entire field scale. We assumed the opera- improving the accuracy.

tional strategy is WAG as most of the well patterns are operating under Regarding the HCPV g, prod, which is a necessary element to calculate
WAG. In this section, we validated and compared both stats- and the Rco,ret, Fig. 6(b) demonstrates the predictive performance from

ML-ROMs by deploying the monthly production data collected from generalized stats-ROM and ML-ROM, whereas the Weyburn-specific
SER. The corresponding results are presented and compared in Fig. 6 stats-ROM has been developed as above. We only applied half of the

and Table S7. field data in this case because CO, breakthrough is at 18 % HCPV in-

Fig. 6(a) describes the result of RF;;, of Weyburn with adopting the jection. Therefore, the HCPVo, proq is O before the breakthrough, which
Michaelis-Menten regression. The reference cumulative recovery factor adds noise to the stats-ROM. It is observed that 27.76 %, and 34.41 %
of the waterflooding was estimated based on the previous field level injected CO4 is stored to the reservoir from the generalized stats and ML-
numerical simulation such that the RF;, can be calculated as the black ROMs. By incorporating the 10-year field data, the Rco, rer is forecasted

solid curve shows [49]. As calculated, a total of 0.75 HCPV CO2 has been at 30.08 %, which is closer to the field estimation. The appearance of
injected to the reservoir. The real RF;, is calculated at 9.14 % (about 123 breakthrough adds complexity to the ROM development, which is not
million STB), where the generalized stats-ROM based on being to forecast by the ROMs in this investigation.
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Fig. 6. Applications of stats-ROMs and ML-ROMs to the Weyburn oil field. The x-axis represents the total injected CO, in HCPV scale and y-axis represents (a)
RFyn, (b) HCPV o, prod, and (¢) UFco, net- The historical data was collected from SER and preprocessed according to equations in Section 2.1.

The calculated UF¢o, ner from the field data of the Weyburn is 237.6
kgCO2/STB as shown in Fig. 6(c). The generalized stats- and ML-ROM
predicts UFgo, ner at 226.5 and 231.4 kgCO2/STB. As illustrated by the
field reality, the UFco, ner declines sharply before the CO, breakthrough
as CO is not being produced and approaching to a constant number
after the breakthrough. However, inclusion of 1/4 production data to
the stats-ROM is driving the prediction even worse because most of the
data are before COy breakthrough, where the UF¢o, ner declines drasti-
cally and leading a poor prediction. Updating the generalized stats-ROM
with half of the production data also does not significantly improve the
prediction performance as it is still strongly influenced by the CO,
breakthrough. According to the observations, the ML-ROM forecasts the
UFco, ne more accurately for the Weyburn oil field than the stats-ROM
and both ROMs are affected by the CO, breakthrough, which can lead
to a poor prediction. The UFco, ne: can be used to benchmark the effec-
tiveness of carbon storage associate with oil production during the CO2-
EOR, which can be used to perform the economic and environmental
assessment. In the case of the Weyburn, 237.6 kg of CO, were stored to
recover one marginal barrel of oil theoretically during the CO2-EOR
operation.

3.4. Comparison of methods
As shown, ROMs can reasonably predict reservoir performance in

CO2-EOR. In this section, we compare the strengths and weaknesses of
ROMs with the reservoir simulation result as well as the comparing

Field Reality
Stats-ROM
ANN-ROM

UF CO2,net Retcoz

Fig. 7. Performance comparison between stats-ROMs and ANN-ROMs
with the field data from the Weyburn oil filed. The axis of radar diagram
represents the percent difference of three key indicators (RFi,; UFco, net; Retco,),
where the value 0 stand for the same value of prediction and reality. The value
greater and less than 0 stand for over- and under-estimated. A greater absolute
value indicates a worse forecasting performance.
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between the Stats-ROM and ML-ROM:s. Fig. 7 summarizes the applica-
tion of stats- and ML-ROMs comparing with the reality of the Weyburn
oil field. While both ROMs demonstrate a capability to predict CO2-EOR
performance, the stats-ROM tend to underestimate the outputs and the
predictions are not as accurate as the ML-ROMs, especially in predicting
Retco,. This is caused by the high uncertainty of the CO, breakthrough
time and the geological variations across CO2-EOR, which cannot be
interpreted in the ROM training. Further, the stats-ROM in this study can
only be used to forecast the reservoir performance in a more general way
with respect to CO5 injection, as it does not incorporate geological
properties of the reservoir or engineering decisions (e.g., the WAG
ratio). However, the ML-ROM demonstrated a powerful feature in two
ways as it can interpret the sensitivity of geospatial uncertainties and
infer the engineering requirements to achieve the certain expectations.
In contrast, the stats-ROM can provide intuitive sense to describe the
future performance of a CO2-EOR at the early stage, where less prop-
erties are visible. This feature can lead stats-ROM a tool to benchmark
the project evaluation at the early-stage investment. In summary, by
comparing stats-with ML-ROMs, the stats-ROMs further reduced the
complexity to forecast the performance of CO2-EOR and endowed the
ability to rectify the predictive accuracy along with the project devel-
opment. The ML-ROM is sensitive to the geological uncertainties and
able to predict more outputs than the stats-ROM. Moreover, the ML-
ROM can be used to infer the operational decisions, but the accuracy
cannot be further improved as adding more data does not affect the ML-
ROM prediction. The stats-ROM is recommended to be employed at the
very early stage, where less field descriptive data is accessible. Both the
two types of ROMs can be used simultaneously during the project
development as they can be used to benchmark with each other.

Comparing with traditional approaches, the ML-ROMs in this study
takes 5 s to complete a single run and can speed up the prediction of CO2-
EOR by 2900 times compared to a reservoir model. Also, the input re-
quirements are much less than the numerical tools, which only required
1 for the stats-ROM and 12 for ML-ROMs comparing to reservoir simu-
lation with over 50 inputs. On the other hand, the outputs that we
interested are as accurate as the results from the reservoir modeling.
This improvement demonstrates the great potential on filtering CO»-
EOR in a timely manner. However, limitations are associated with the
ROMs as we noticed from this work. First, temporal effects cannot be
interpreted by the generalized ROMs. For example, we adopted CO,
injection in HCPV in this work for all types of ROMs, but we could only
use the time-series data as the independent variable if the injection rate
is constant over the project lifespan, which is not normally the case in
reality. Second, we found that the project scale really matters when
adopting the ROMs. In other words, ROMs can have a better perfor-
mance at a large scale, whereas the numerical simulation can have great
performance from pore scale to field scale at the cost of computational
time. In summary, numerical modeling can surely provide more accu-
rate results than ROMs across scales, but ROMs can be time-efficient and
accurate at the field scale. The ML-ROMs improve upon the stats-ROM
by incorporating the field geological properties, but both approaches
cannot interpret the impact of market variability on the operational
decisions in time.

3.5. Discussion and implications

In this section, we discuss the ROMs involved in this study comparing
with the existing literature and outlined the implications and outlooks of
ROMs in CO2-EOR associated with the geological carbon storage. As
mentioned, Azzolina et al. [13] proposed the statistical models based on
31 existing CO2-EOR industrial datasets and characterized the re-
lationships between incremental oil recovery and total injection in
HCPV scale, CO5 retention and total injection in HCPV, and the utili-
zation factor and total injection based on a statistical analysis. In 2018,
Peck et al. [21] expanded this statistical model with an application to
western Texas San Andres dolomite reservoirs. However, the statistical
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models were improved in this research from three aspects. First, owing
to the dominating mechanism of CO2-EOR, the CO injection in HCPV
scale is the only independent variable for both stats- and ML-ROMs in
this study, so that field operational uncertainties were separated from
the statistical model (e.g., impacts of changing WAG ratios and well
patterns). The Michael-Meten model further reduced the complexity of
log-log type curve in predicting the oil recovery performance of the
CO2-EOR. Second, by summarizing previous models, the unit of utili-
zation factor was in the units L3/STB in this work, and we adapted the
units of kgCO,/STB of the utilization factor (gross and net) were pro-
posed in ROMs so that the marginal carbon storage associated with per
barrel of oil recovery can be captured, which can be further applied to
quantify the economic and environmental impacts directly. Third, the
previous statistical models are mostly based on confidential industrial
datasets, which makes them difficult to independently validate. Devel-
opment of ML approaches are mostly site-specific and cannot easily be
transferred to other similar cases. In this work, we closed the loop of
developing the generalized ROMs based on both approaches including,
datasets generation, model development and validation.

Although we find limitations, the generalized ROMs can still be
widely applied to the early stages of CO,-EOR associated with CCS into
two categories. Firstly, the generalized ROMs can be used as a screening
criterion to conduct the estimation for a potential CO2-EOR from both oil
recovery and CCS perspectives. For example, Bachu established a set of
14 criteria based on an Alberta reserves database, with previous statis-
tical models, which estimated the cumulative incremental oil recovery
and CO, storage [15]. The generalized ROMs in this work can further
extend the previous work by improving the accuracy of screening
criteria, especially across the geospatial regions at the large scale. Sec-
ondly, the generalized ROMs provide the foundation in conducting the
economic and environmental assessments of a typical CO2-EOR and
other subsurface CO, utilization technological innovations at the early
stages of the project evaluation, with less computational efforts than the
numerical tools [50-54].

Future development of ROMs in this area lies in three directions from
our viewpoints. First, physics-informed ROMs are necessary to further
substituting the conventional numerical approaches. As mentioned, one
common challenge for ROMs is that they fail to interpret the physical
impacts (e.g., sweep efficiency, mobility) associated with the ROMs.
Therefore, incorporating the physical information can improve the ROM
performance such that the ROM can be widely applied across scales to
fully substitute the conventional reservoir simulation. Secondly, appli-
cations of generalized ROMs to the site-specific cases need to be further
refined in terms of quantifying the field and market uncertainties. Future
development of generalized model needs to focus on establishing ways
to adopt the generalized ROMs to the site-specific cases, such that the
uncertainties can be quantified accordingly. Thirdly, researchers can
build on these approaches to better understand the role for CO5-EOR as
an emission reduction option and the impacts of policy options.

4. Conclusion

In this work, we created synthetic datasets using conventional
reservoir simulation and used them to develop both stats- and ML-ROMs
to predict the reservoir performance of CO2-EOR associated with
geological carbon storage. Hence, the generalized ROMs are developed
and compared based on the statistical and machine learning approaches.
Three and six features are predicted by stats- and ML-ROMs, respec-
tively, which are the critical elements to evaluate the performance of
CO2-EOR from both oil recovery and geological carbon storage per-
spectives. The generalized stats-ROMs in this work improved the pre-
vious approach by adding transparency of publicly accessible data, and
ML-ROMs are generalized rather than only validated to the site-specific
cases. The Weyburn monthly production data has been collected and
validated the generalized ROMs. As a result, both approaches demon-
strate an outstanding capability in predicting the reservoir performance
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in a time-efficient and accurate manner. The stats-ROM further reduced
the complexity of previous log-log type curves and eliminated the noise
of water appearance such that the outputs can be directly related to the
CO4, utilization. We also proposed an approach to rectify the generalized
stats-ROMs by incorporating the field production data as the case of the
Weyburn oil field. The ML-ROMs improved the stats-ROMs by incor-
porating the sensitive geological reservoir properties and including
more outputs. In comparison, the ROMs are more appropriate at the
early stages of the CO,-EOR development with less inputs at the field-
scale than the numerical techniques, which perform better but require
more inputs and longer computational time. However, the ML-ROMs fail
to address the impact of economic uncertainties on operational de-
cisions, where the stats-ROMs fail to incorporate both economic and
field variabilities in the time horizon. Deployment of ROMs can provide
technical support for economic and environmental assessments at the
earliest stages of the project investment and be used to inform devel-
opment of climate policies at the regional or national level.
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