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Reducing Uncertainty in Geologic CO: Sequestration Risk Assessment by

Assimilating Monitoring Data
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Abstract: Geologic CO; sequestration sites usually have large uncertainty in geological properties,
such as uncertainty in permeability and porosity fields. Geological uncertainty leads to significant
uncertainty in predicted risk metrics such as CO> plume extent, CO»/brine leakage rates through
wellbores, and impacts to drinking water quality in groundwater aquifers due to CO»/brine leakage,
all of which will impact the approach for post injection site care (PISC). Pre-injection risk
assessment can be used to quantify the amount of uncertainty in different predicted risk metrics.
However, it cannot account for the potential value of monitoring data (e.g., CO> saturation and
pressure measurements) acquired during the operation of CO; storage. In this study, we
demonstrate how uncertainty in predicted risks can be reduced by performing monitoring data
assimilation. An ensemble of geological reservoir models, constrained by direct measurements
(such as permeability estimates from exploratory wells), are generated by geostatistical conditional
simulation. As the monitoring data from the storage site become available, they are assimilated
into models using a recently developed data assimilation method, ES-MDA with geometric
inflation factors (ES-MDA-GEO). The reservoir models, calibrated through multiple data
assimilation iterations, are used to predict future risks and reduction in their uncertainties. The
proposed approach for the quantification of uncertainty reduction in risk assessment is
demonstrated with two examples: a generalized 3D synthetic case and a synthetic field case based

on the Rock Springs Uplift site in southwestern Wyoming.
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1 Introduction

Geologic CO2 sequestration (GCS) is being considered as a strategy to reduce anthropogenic CO»
emissions (Metz 2005; Michael et al. 2010). Different types of reservoirs or formations have been
proposed to store CO» emissions, such as oil or gas reservoirs, coal seams, deep oceans and saline
aquifers (Harp et al. 2017; Jin et al. 2017; Liu and Mostaghimi 2017; Cui et al. 2018; Dai et al.
2018; Chen and Pawar 2019; Ren and Duncan 2019; Zhang et al. 2019; Zhang et al. 2019). A
primary concern with GCS projects is the potential for CO; and brine leakage risks to overlying
resources (e.g., potable groundwater, oil and gas reservoirs, etc.) (Benson and Myer 2003; Wilkin
and DiGiulio 2010; Harp et al. 2016). To build confidence in GCS, a scientifically-sound
quantitative approach for risk management is required to provide reliable predictions (forecasts)
of long-term safety and risks of CO» storage systems (Condor et al. 2011; De Lary et al. 2015; Li
and Liu 2016). A number of studies demonstrate application of quantitative approaches for risk
assessment (Zhang et al. 2011; Nicot et al. 2013; Dai et al. 2014; Pawar et al. 2016; Onishi et al.
2019).

At any GCS site the pre-injection risk assessment is based on the available site characterization
data which may be limited depending on the type of site and level of characterization effort. For
example, typically saline aquifers do not have the benefit of prior characterization efforts such as
depleted oil/gas reservoirs. The quality and quantity of characterization data will lead to certain
level of uncertainty in site predictions including predicted long-term risks. During the injection
phase monitoring data, such as pressure and CO» saturation measurements, are usually collected
from monitoring wells. As more monitoring data become available, it can be used to update and
refine predictive models leading to better representation of the system and potentially less
uncertainty in model outputs and improved predictions. Effectively incorporating new monitoring
data throughout the GCS operation requires a formal strategy that can efficiently assimilate the
data, update model parameters (or indicate model modifications if necessary), quantify the
resulting uncertainty (potentially reducing the uncertainty and narrowing of uncertainty bands
around outputs of interest), and ultimately provide implications for the reduction in risk associated
with the GCS operation. In this study, we demonstrate how the uncertainty in predicted risk metrics
changes with assimilation of monitoring data. Our approach includes sequentially conducting

geostatistical conditional simulation for generating reservoir models and ensemble-based data
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assimilation. To the best of our knowledge, uncertainty reduction analyses in risk assessment are
currently scarce in existing literature. Next, we provide a discussion of some of the most relevant
work on data assimilation and uncertainty quantification in order to put the methodology

introduced in this paper in the proper context.

Oladyshkin et al. (2013) proposed a framework based on polynomial chaos expansion (PCE)
and bootstrap filtering for assimilating pressure data into reservoir models and quantify the
uncertainty reduction in CO; leakage rate at a storage site. They considerd three uncertain
parameters: reservoir permeability, reservoir porosity and wellbore permeability. Chen et al. (2018)
demonstrated an approach based on a machine learning technique and a filter-based data
assimilation method to perform CO> monitoring design. In this approach, the optimal monitoring
design can be determined based on choosing a design that reduces the uncertainty in the predictions
of cumulative CO; leakage. Though the methods for data assimilation proposed by Oladyshkin et
al. and Chen et al. are computationally efficient, their methods are limited to cases where only a
limited number of uncertain parameters are involved. Jia et al. (2018) proposed an approach based
on Bayesian model averaging and Monte Carlo simulations to quantify the uncertainty at a site in
western Texas. In their work, Monte Carlo simulations were conducted to quantify parameter
uncertainty due to heterogeneity in porosity and permeability. Monte Carlo simulations were
conducted via reduced order models which were developed using a PCE method. Then, the
Bayesian model averaging method was used to quantify model uncertainty. Sun and Durlofsky
(2019) developed a data-space inversion (DSI) approach to quantify uncertainty of CO2 plume
locations during GCS. In the DSI approach, posterior predictions (forecast) of CO, saturation
distribution are generated using simulation results for prior model realizations along with observed
data. Note that posterior geological models are not generated in the DSI method, which is different

from the traditional data assimilation method such as ensemble-based data assimilation approaches.

In the last decade, ensemble-based methods have been widely used for data assimilation of sub-
surface flow problems in both hydrologic applications and the petroleum industry. Among the
ensemble-based methods, the ensemble Kalman filter (EnKF) is the most popular for data
assimilation (or history-matching) applications (Aanonsen et al. 2009; Evensen 2009; Chang et al.
2010; Chen and Oliver 2010). Emerick and Reynolds (2013) proposed a new data assimilation
approach, i.e., Ensemble Smoother with Multiple Data Assimilation (ES-MDA) and demonstrated
the superiority of ES-MDA over EnKF for data assimilation. The main drawback of ES-MDA is

3
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that the total number of data assimilation steps and the inflation factors for each assimilation
iteration must be specified before starting data assmilation processes. Recently, a more practical
and efficient version of this approach called ES-MDA with geometric inflation factors (ES-MDA-
GEO) was proposed by Rafiee and Reynolds (2017). This method allows the user to specify a
priori the total number of data assimilation steps which is determined based on the allowable
computational resources, while at the same time providing sufficient damping of changes in the
reservoir model realizations. This recently developed algorithm, ES-MDA-GEQO, is implemented

in this study for assimilating monitoring data collected during GCS projects.

This paper is organized as follows: we first present the methodology for this work, including
the risk assessment workflow, the geostatistical conditional simulation method, and the ES-MDA-
GEO method for data assimilation and uncertainty reduction analysis. Then, the proposed method
for risk assessment based on data assimilation and uncertainty reduction analysis is demonstrated
with two examples: a 3D synthetic case and a synthetic field case based on the Rock Springs Uplift
site in southwestern Wyoming. Finally, we summarize the results and present the conclusions of

the paper.

2 Methodology

2.1 Workflow for risk assessment

A workflow for predicting risks and updating predictions with monitoring data at a GCS site is
shown in Figure 1. For a given GCS site, a few exploratory wells will be drilled to characterize the
site including properties (e.g., permeability, porosity and rock compressibility) of the target
reservoir. These data are subsequently used to develop geologic and reservoir models. Various
approaches can be used for developing the models and using them for predictions and uncertainties
associated with predictions. One approach is to use stochastic approaches such as geostatistical
conditional simulations to generate an ensemble of realizations of heterogeneous reservoir
properties. These ensemble models can be used to perform pre-injection risk assessment to
quantify the preliminary uncertainties associated with different quantities, such as the predictions
(forecasts) of CO, saturation/pressure at monitoring or legacy wells, CO, saturation/pressure
plume area, plume mobility/spreading, as well as risk metrics such as CO»/brine leakage rates

through wellbores, etc. There are uncertainties associated with these predicted quantities

4
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depending on the uncertainty in the characterization data. Once CO; injection begins, it results in
monitoring data. Monitoring data can be used to update and refine predictive models and reduce
the uncertainty in predictions. Assimilation of monitoring data can be done using an ensemble-
based method such as ES-MDA-GEOQO. We use a synthetic site to demonstrate the monitoring data
assimilation approach using ensemble-based method and its effect on uncertainty reduction. Next,
we provide more details on geostatistical conditional simulations for generating multiple, equi-
probable spatial distributions of geologic properties, data assimilation and uncertainty reduction

analysis.

A GCS site

1

Drill exploration wells

| R

- : Geostatistical
Generate reservoir models [« ¥ conditional simulation

Pre-injection risk assessment

| Conduct monitoring

dale e i Ensemble-based
: Update reservoir models i data assimiaton

r
Risk assessment

Figure 1: The proposed workflow for geologic CO: sequestration risk assessment.

2.2 Geostatistical conditional simulation

Geostatistical conditional simulation is widely used in hydrology and petroleum engineering to
characterize heterogeneity in reservoirs (PetroWiki 2012). Conditional simulation preserves not
only the statistics of the observed data (e.g., mean and variance) and their spatial correlation but
also honors specific observations such as data measured at characterization wells. The stochastic
property of conditional simulation allows generation of many equally probable geological

realizations which can be used to quantify uncertainty in predictions.
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In GCS, direct measurements such as permeability estimates from characterization wells at a
storage site are generally expected to be available. These direct measurements can be used as the
inputs for conditional simulation to populate permeability fields in reservoir models for numerical
simulation. In this study, the GSLIB Software (Deutsch and Journel 1998) is employed to perform
conditional simulation where the measurements of permeability at characterization wells are
honored into models when generating heterogeneous reservoir models. To perform ensemble-
based data assimilation using ES-MDA-GEO (which will be discussed in detail next) and quantify
uncertainty effectively, 100 permeability fields are generated using GSLIB. These permeability
fields are used to generate reservoir models for performing pre-injection reservoir performance
predictions using LANL’s FEHM simulator [34] and subsequent predictions of a few risk metrics.

These models are called “prior models” in subsequent sections.

2.3 Data assimilation using ES-MDA-GEO

To generate estimates of the ground truth model and to quantify the uncertainty reduction in the
risk assessment, there generally can be an infinite number of reservoir models that are consistent
with observations (i.e., monitoring data) in the probabilistic context. Ensemble-based data
assimilation methods such as Ensemble Smoother with Multiple Data Assimilation (ES-MDA) can
be easily embedded in this probabilistic framework. ES-MDA was first proposed by Emerick and
Reynolds (2013), who demonstrated that ES-MDA is superior over EnKF for data assimilation.
Though ES-MDA has been demonstrated to be a promising method for assmilating data in sub-
surface flow problems (Silva et al. 2017; Evensen 2018; Kim et al. 2018), the main disadvantage
of ES-MDA is that the total number of data assimilation steps and the inflation factors for each
assimilation step must be specified before starting data assmilation or history matching processes.
To address these issues with the application of ES-MDA, Le et al. (2016) proposed an adaptive
ES-MDA method in which the inflation factors are updated at each assimilation step. Although
this has improved the performance of the original ES-MDA, it often requires a large number of
assimilation steps which may be computationally infeasible for large-scale field examples.
Recently, Rafiee and Reynolds (2017) proposed a practical and efficient method to determine the
exact minimum inflation factor at each data assimilation step. This method allows the user to

specify a priori the total number of data assimilation steps which is determined based on the
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allowable computational resources, while at the meantime providing sufficient damping of
changes in the reservoir model realizations at each iteration to control overshooting and
undershooting that can cause rough or inaccurate estimates of reservoir models. This new proposed
ES-MDA algorithm is called ES-MDA-GEO and is implemented in this study for assimilating
monitoring data collected during GCS projects. The following is the pseudo-code for the

implementation of conditional simulation and data assimilation.

Pseudo-code for the implementation of conditional simulation and data assimilation:

1. Generate initial ensemble models denoted by {mj‘-l’o} ) el using geostatistical conditional simulation.
]:

2. Choose the number of data assimilation steps, N,,.

3.Fori=1toNg:

» Set m/" =mM 7 forj =1,2,...,N,.

+ Run the ensemble models from time zero.

% Calculate AM' and AD® using Eqs. 1 and 2, respectively.
% Calculate G} using G}, = C, /*AD'.

« If(i = 1) then

e Seta; = max{/Tz, Na}, where 1 is average singular value of GJ,.

*  Solve % = a4 for §.
Else

 Seta; =p"la
End If

% Forj=1toN,

*  For each ensemble number, perturb the observation vector using dfw, ;= dops + ,/aiC;/ zzj,
where z;~N'(0, Iy,,)-

*  Update the ensemble using the following equation m]'-l’i = m]]-c ’i+AMi(G£)T [G};(G};)T +
-1 . .
aily,| €5Vl — ).
End For

End For

where m denotes the vector of model parameters; superscripts a and f denote analysis and

forecast, respectively; N, refers to the total number of model realizations; N, denotes the
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predefined number of data assimilation steps; AM* and AD® denote the model square root matrix

and data square root matrix, respectively, and are defined as

AM! = J% [m[* — @S, ml —mf], (1)
AD! = Nle_l [af* —ar, .., d}t = ari], )
where
m/t = Nie ;Yz"’lm{‘i, (3)
art =Lyl df*; (4)

Gp is the dimensionless sensitivity matrix; Cp, is the covariance matrix of observed data
measurement errors; «; is the measurement error inflation factor at the ith data assimilation step;

dops 18 the vector of observed data; d'. ; is a sample from the normal distribution N (dgps, a;Cp );

uc,j
d]f g denotes the forecast data obtained from the forward model evaluated at m]f ’i. Refer to Rafiee

and Reynolds (2017) for more details on the theoretical derivation and the implementation of the
ES-MDA-GEO algorithm. In this study, the total number of model realizations N, is 100 and the
number of data assimilation steps N, is 4. Note N, and N, are two important input parameters for
the ES-MDA-GEOQO algorithm (refer to the pseudo-code above). The choices for N, and N, are
based on the recommendation in the works of Emerick and Reynolds (2013), Le et al. (2016) and
Rafiee and Reynolds (2017). It is important to note that step 3 in the pseudo-code is repeated if
more monitoring data are available from a storage site until it is determined that the value of
information (VOI) will not increase with futher data acquistion. Here, VOI, defined by the amount

of uncertainty reduction in risk quantities, will be introduced next.

2.4 Uncertainty reduction analysis

Uncertainty reduction analysis, one of the key elements in risk assessment, is conducted after the
data assimilation process is completed. In this study, we investigated uncertainty reduction in
multiple metrics including, predictions (forecasts) of CO saturation and pressure data at
monitoring or legacy wells, CO» saturation and pressure plume area, and CO» saturation/pressure

plume mobility and spreading. Various other metrics can also be investigated including, rates of
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COo/brine leakage through wellbores and groundwater aquifer impact (e.g., pH and total dissolved
solid (TDS)), but the evaluation of these metrics using a similar analysis approach as the evaluation
of the quantities to be investigated in this study will require quantification of these metrics using
the reservoir predictions such as U.S. National Risk Assessment Partnership’s (NRAP’s)
integrated assessment model (IAM) that couples the reservoir model, wellbore model and aquifer

model (Pawar et al. 2016), which is out of the scope of this study.

The prior probability density function (PDF) of a metric of interest, J, is denoted as P(J). Note
that P(J) is computed based on the prior reservoir models that are generated by using conditional
simulation. We denote the amount of uncertainty in a distribution P(J) as U(P(J)), which, as in

Le and Reynolds (2014), is defined by

U(P()) = Pao(PUD) = Pro(P(D), (5)
where Poo(P(J)) and Pyo(P(J)) are the 90™ and 10™ percentiles, respectively, of the distribution
P(J). The posterior PDF of | denoted by P(J|d,ps) can be calculated after the data assimilation
process is completed, where P(J|d,ps) is the probability that the objective / conditional to
monitoring data d,s. Here, the uncertainty reduction, Uy, due to monitoring data assimilation, is
defined as the difference between the prior uncertainty and the posterior uncertainty in the model

output of interest, which is given by

Ug = U(P(D) — U(PUldops))- (6)
In the uncertainty reduction analysis, the amount of uncertainty reduction in each quantity of
interest will be quantified based on Eq. 6. By analyzing the uncertainty reduction in all the
quantities that are of interest we can get reasonable understanding of when to stop monitoring at a

specific monitoring well.

3 Example 1: 3D Synthetic Case

3.1 Model description

We use a synthetic model to apply the workflow discussed in the previous section. As a first step,
we generate a synthetic “ground truth” field representation. The synthetic model is 4 km in the

horizontal direction, 100 m thick and is at 1 km depth from the ground surface. The model has
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51 x 51 X 11 nodes in the x, y and z directions respectively. Figure 2 presents the horizontal log-
permeability (In k) distribution for the top layer for the true reservoir model (i.e., synthetic ground
truth). For simplicity, we assume that the other 9 layers have the same permeability distribution as

the top layer.

Next we collect permeability values at 5 locations in the field assuming they were collected by
drilling exploratory (characterization) wells (M1, M2..., and M5) at locations shown in Figure 2.
For our model the reservoir permeabilities at the five exploratory wells, respectively, are 49.75,
92.77, 208.80, 61.02 and 108.51 mD . It is assumed that this is the only characterization
information available for generating spatial permeability distributions. The geostatistical
conditional simulation will be conducted honoring these direct measurements from exploratory
wells to generate the prior reservoir models. Next, we assume that CO» is injected at a rate 1| MM
tons/year through an injector located at location M3 while the other four wells (M1, M2, M4 &
M5) are used as monitoring wells. Note that the locations of monitoring (characterization) wells
are randomly chosen, and they are assumed to be the optimal monitoring locations. In previous
work, Chen et al. (2018) conducted monitoring design based on machine learning and uncertainty
quantification methods to determine the optimal monitoring strategy, i.e., where are the optimal
locations to place the monitoring wells(s) and what type of data (pressure, temperature, CO>
saturation, etc.) should be measured. The focus of this study is to investigate how monitoring data
can be used to reduce the uncertainty of risk quantities in geologic CO2 sequestration; therefore

the optimization of monitoring well location is not considered in this study.

In k(mD)
01 .’,m N 7
101 M2 1 6
201 2 .
M3
30 .
. 4
4a0{ M5
3
50 M ; ,
0 20 40

Figure 2: Log-permeability distribution for the ground truth model and the locations for exploratory wells (M1
through MS).
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We consider a 5-year injection period and 10-year post-injection period. The types of
monitoring data collected from the field are pressure and CO> saturation. The frequency of data
acquisition is once per month, which results in 12 measurements per year for both pressure and
CO2 saturation. If 3 years of monitoring data are collected, then 12 X 3 X 2 = 72 data points will
be used to construct the observed data vector, d,,s. In addition to the monitoring wells, we collect
monitoring data at the injector as well. Since we use a synthetic reservoir, the actual monitoring
data are not available. We generate the monitoring data by performing a forward simulation using
the “ground truth” model. These monitoring data will be assimilated into the prior reservoir models
to update the models and the resulting reduction in prediction uncertainty quantified. The
numerical meshes for the reservoir simulation model are generated using the LaGriT grid
generation toolkit (http://lagrit.lanl.gov) (George et al. 1999). All the required simulations are
performed by the FEHM simulator (Zyvoloski et al. 1997).

3.2 Results and analysis
3.2.1 Permeability fields based on conditional simulation

To perform geostatistical conditional simulation and generate pre-injection permeability
distributions, we first compute the mean and variance values of the five permeabilities measured
at the exploratory (monitoring) wells. Since five permeability values are not enough to evaluate
the correlation length of reservoir permeability distribution, we assume the reservoir permeability
is 1sotropic and are spatially correlated with a correlation length of 400 m (corresponding to the
five grid block lengths). We use the permeability values at the exploratory wells, the values for
mean and variance of permeability distribution, and the assumed correlation length, to generate
100 prior (pre-injection) reservoir permeability distributions using geostatistical conditional
simulations. Figure 3 shows the log-permeability fields generated using the conditional simulation.
Only three out of 100 permeability realizations are presented in Figure 3. It can be seen from Figure
3 that the permeabilities at the five exploratory wells are honored during conditional simulation,
and therefore influence the surrounding permeability values. Comparing with the permeability

distribution in the “ground truth” model it can be seen that the permeability distribution of each
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306 realization generated from conditional simulation is significantly different indicating large

307 uncertainty in the geostatistically generated distributions.

308
In k (mD) In k (mD) In k (mD)
il 5 » ' . 0 $\ ‘:, . ?
L b,
ke e 2 A |
R s ; | |
310 (a) Realization 1 (b) Realization 2 (¢) Realization 100
311 Figure 3: Log-permeability distributions generated based on conditional simulation.
312

313  3.2.2 Model improvement/refinement

314 It is inevitable to have large uncertainty in pre-injection (prior) geologic and reservoir models
315  when using limited prior information from a storage site. However, the geological uncertainty in
316  the prior models can be reduced by assimilating monitoring data into the models. Figure 4 shows
317  the permeability distributions of the reservoir models at different stages of data assimilation for
318  one of the 100 realizations. It can be seen from Figure 4 that the permeability distribution is getting
319  closer to the “ground truth” model as the monitoring duration increases. This increased similarity
320  between the updated model and the “ground truth” model after assimilation of 7 years monitoring

321  data is apparent. Similar observations were found for other model realizations.

322
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Figure 4: Model improvement over monitoring time, realization 1, example 1.

The update/refinement in the permeability fields over the monitoring duration is quantified in
Figure 5. In this figure, the “average absolute difference (AAD)” (y-axis) is defined by the
summation of the absolute difference between the log-permeability of an individual node in the
updated model and the value of the corresponding node in the “ground truth” model divided by
the total number of nodes. A smaller AAD indicates higher similarity between the updated model
and the ground truth model. Each boxplot in Figure 5 is based on 100 AAD values (recall that we
have 100 realizations for model updating). We can easily see from this figure that the reservoir

models are significantly improved/refined with repeated assimilation of monitoring data.
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Figure 5: Boxplot of average absolute difference between calibrated models and the ground truth model over
monitoring duration, example 1. Circles in the plot are the outliers; five horizontal lines from bottom to top in
each boxplot, respectively, represent the minimum, the 1% quartile, the median, the 3" quartile and the
maximum of a distribution.

The effect of the number of monitoring wells on model refinement is investigated by
sequentially eliminating monitoring wells M1, M5 and M2 in the field. Figure 6 shows the boxplot
of AAD between calibrated models and the ground truth model by varying the number of
monitoring wells. In this figure, ‘4’ monitoring wells correspond to our original scenario; ‘3’
monitoring wells indicate that monitoring well M1 is eliminated from the analysis; ‘2’ indicates
that only M2 and M4 are included; and ‘1’ indicates that only M4 is included. As can be seen
from Figure 6, when more monitoring wells are placed in the field, the reservoir models can be
more significantly improved (smaller AAD value) by assimilating the monitoring data. Thus, the
extent of model improvement is dependent on the number of monitoring wells. The marginal
improvement in AAD is fairly consistent from 1 to 4 monitoring wells. It is not surprising that
more wells lead to a better model calibration. However, it is important to note that for a deep saline

GCS project, there won’t be too many characterization/monitoring wells (usually less than 5 wells).
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Figure 6: Boxplot of average absolute difference between calibrated models and the ground truth model by
varying the number of monitoring wells; 5-year monitoring duration is considered.

3.2.3 Uncertainty reduction analysis over monitoring durations

In this subsection, the uncertainty reduction in the predictions of CO; saturation and pressure is
discussed. Based on prior reservoir models, we first computed the predictions (forecasts) of CO»
saturation and pressure at monitoring well locations; shown in Figure 7. Note that each cyan line
corresponds to one prediction of CO» saturation or pressure based on one prior model (there are
100 prior models in total). It can be observed that large uncertainties are involved in the predictions
of CO» saturation in wells M1 and M5. Significant uncertainties can also be seen in the predictions
of pressure data at the monitoring well locations, especially during the injection period (first five
years). Similar observations can be found in the predictions of CO- saturation and pressure data in

wells M2, M3 and M4, which are not shown here.
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Figure 7: The predictions (forecasts) of CO: saturation and pressure based on prior reservoir models at
monitoring wells M1 and M5.

To reduce the uncertainty in the predictions, monitoring data are collected at the monitoring
wells after start of CO; injection. The monitoring data are assimilated into reservoir models after
different monitoring durations, such as 1 and 3 years. Note that 1 and 3 year monitoring durations
are monthly for the first year of injection and monthly for the first three years of injection,
respectively. The longest monitoring duration considered in this study is 10 years which include
5-year post-injection period. After each data assimilation iteration the updated reservoir models
are used to perform future predictions and quantify uncertainties. Figure 8 shows the comparison
between CO; saturation at monitoring wells predicted with pre-injection models (cyan curves) and
updated models (blue curves) for all 100 realizations. The figure shows results for different
monitoring durations. It can be observed from Figure 8 that the variability in the predictions of
COg; saturation is reduced by assimilating monitoring data after different monitoring durations (i.e.,
I, 5 and 7 years) and the reduction in variability increases with increased monitoring data
assimilation. Similar observations can be found in the predictions of pressure data based on
posterior models (see Figure 9), but most of the reduction in variability in the pressure data takes

place after assimilation of first year of monitoring data.
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Figure 8: Assimilating CO2 saturation measurements collected within different monitoring durations (1, 3 and
7 years) at wells M1 and MS, and predictions of CO: saturation for the remaining years. Red lines represent
the monitoring data generated by the ground truth model. Cyan lines represent the data from a priori models
and blue lines represent the data from a posteriori models.
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Figure 9: Assimilating pressure measurements collected within different monitoring durations (1 year, 3 years
and 7 years) at well M1, and predictions of pressure for the remaining years.
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Figure 10: Uncertainty of CO: saturation and pressure over monitoring durations.

To quantitatively evaluate the uncertainty reduction in the predictions of CO» saturation and
pressure at the end of the project (15 years), we compute the uncertainty of CO, saturation and
pressure (P(J|dops) in Eq. 6) at the end of 15 years considering different monitoring durations,
ie., 1,3,5,7and 10 years. The computed uncertainties in CO; saturation and pressure over the 10
years monitoring duration are shown in Figure 10. The objective of our investigation is to assess
how monitoring duration affects the uncertainties in the predictions of CO» saturation and pressure
at the end of 15 years. It can be seen from Figure 10(a) that most of the uncertainties in CO»
saturation at the monitoring wells M1, M2 and M5, respectively, are reduced after assimilating
monitoring data after the first 5, 3 and 7 years, respectively. There is no uncertainty in CO»
saturation at M3 (the injector) and M4 at the end of 15 years according to the definition of
uncertainty given in Eq. 5; see Figure 11. From Figure 10(b), we can see that most of the
uncertainty in pressure at the end of 15 years is reduced after assimilating one year of monitoring
data. However, the uncertainty reduction in the prediction of pressure is not as significant as for
CO> saturation due to the fact that the variability in the pressure change is small once the CO»

injection stops (see blue lines after year 5 in Figure 9 as an example).
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Figure 11: History matching 10 years’ CO: saturation data and prediction for the remaining 5 years at
monitoring wells M3 and M4. Red lines represent the monitoring data generated by the ground truth model.
Cyan lines represent the data from a priori models and blue lines represent the data from a posteriori models.

The first example was used to demonstrate the effectiveness of the ES-MDA-GEO algorithm
for assimilating monitoring data to refine reservoir models. In addition, the uncertainty reduction
in the predictions of CO; saturation and pressure over different monitoring durations has been
visualized. Next, we will demonstrate the proposed workflow for reducing uncertainty through

monitoring data assimilation using data for a field site.

4 Example 2: Rock Springs Uplift Site

4.1 Site description

Rock Springs Uplift (RSU), which is located in Southwestern Wyoming, has been identified as a
potential site for CO> storage by the Wyoming State Geological Survey (Surdam and Jiao 2007).
Figure 12 is a stylized cross section of the RSU and adjacent basins. Our study uses the Lower
Madison formation, one of the formations identified by Wyoming Geological Survey as potential
CO» storage reservoirs. The average thickness of the Lower Madison formation in our model
domain is 94 m. Note only part of this formation is used as the target area for the numerical
simulation of CO; injection in this study. The distances from the RSU #1 to four boundaries (from

east to north) of the target area are 3283 m, 2948 m, 2747 m and 3082 m, respectively.
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Figure 12: Stylized geologic cross section through study site and adjacent basins. Madison formation is denoted
by the blue stripe. Black lines at the left-hand side represent faults. (Surdam and Jiao (2007)).
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Figure 13: A mesh side view is shown in the top image. Side and map views of Lower Madison is shown in the
middle and bottom images. (Harp et al. (2017)).
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The top image in Figure 13 displays the computational mesh used in the reservoir simulation
model. The computational mesh has approximate horizontal extents of 6.03 km by 6.03 km and
from 2.8 km to 4.3 km below the ground surface. The bottom image in Figure 13 displays the side
view of the target reservoir, the Lower Madison formation. Pressure within the model is initialized
using a hydrostatic pressure gradient with atmospheric pressure at the ground surface. This
produces an initial pressure at the bottom of the CO» injection well of 37 MPa.Temperature within
the model is initialized based on a geothermal gradient of 0.0255 °C/m and an average surface

temperature of 4.4 °C.
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Figure 14: Horizontal log-permeability distribution for the “ground truth” model. M1 through M5 are the
locations for the five exploratory wells. N1, N2 and N3 are the locations for three legacy wells. The upper right
corner (solid blue region) is considered separated from the rest of the domain by a non-transmissive fault.

At RSU site only one exploratory well (RSU #1) has been drilled to the depth of the Lower
Madison formation and has been used to collect multiple characterization data. The
characterization data has been used to generate a geologic model for the site including, a spatial
distribution of permeability for the Lower Madison formation (Surdam and Jiao 2007). We assume
this geologic model as the “ground truth” for the RSU site. We assume that in addition to the RSU
#1 four more characterization wells are drilled to collect characterization data about the target
storage reservoir prior to injection, and these wells later will be used as monitoring wells during

the injection phase. The locations of these five characterization wells (M1 through M5) are shown
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in Figure 14. RSU #1 is referred to as M3 in the later presentation. The upper right corner (solid
blue region) in Figure 14 is considered separated from the rest of the domain by a non-transmissive
fault which exists within the RSU study domain. Since the true permeabilities for the four potential
exploratory wells are unknown, we obtain these values from the synthetic “ground truth” model
for the Lower Madison formation. The permeabilities in the Lower Madison formation at the
locations of the five characterization wells (M1 through M5) are 14.98, 15.77, 10.49, 8.40 and 4.55
mD, respectively. We assume no permeability variability in the vertical direction. In addition to
the five characterization wells, we also assume three legacy wells, which are plugged and
abandoned, exist at the site. These legacy wells are, denoted as N1, N2 and N3 on Figure 14 (Note
that, wells M1, M2, M4, M5, N1, N2 & N3 are hypothetical and assumed to exist only for this
study).

We assume CO; is injected through well M3 at a rate of 1 MM tons/year (31.7 kg/s) over a
duration of 10 years which is followed by a 50 years post-injection site care period. Similar to the
previous example, we assume that the types of monitoring data collected from the field are pressure
and CO; saturation. The frequency of the data acquisition program is once per month, which results
in 12 measurements per year for both pressure and CO; saturation. These monitoring data are
iteratively assimilated into the reservoir models to quantify uncertainty reduction in the predictions
including various risk metrics. As in example 1, there is no GCS operation taking place at the RSU
site and no actual monitoring data available for the site. We generate the monitoring data by

performing a forward simulation based on the “ground truth” model.

4.2 Results and analysis
4.2.1 Permeability fields based on geostastical conditional simulation

Based on the permeabilities obtained from the five exploratory wells, we compute the mean and
variance of the permeabilities. The correlation length for the isotropic permeability distribution is
assumed to be 670 m (corresponding to the width of 10 cells of our computational mesh). With
the mean and variance of the permeability distribution and the assumed correlation length,
conditional simulation is conducted to generate 100 permeability fields for the Lower Madison
formation using GSLIB software. The 100 permeability fields will be used to construct 100 prior

models (pre-injection) of spatial permeability heterogeneity in this study. Note that other reservoir
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properties, such as porosity, can also be included in the conditional simulation, but only reservoir
permeability is considered here, and other reservoir properties such as porosity distribution has
been directly used from the ground truth model. Three examples of the permeability realizations
generated using geostatistical conditional simulations are shown in Figure 15. The permeabilities
at the five monitoring (exploratory) wells are honored during conditional simulation, i.e., the
permeability values at these five wells are predesignated during the conditional simulation.
Comparison of the permeability distribution of each realization generated from conditional
simulation with the “ground truth” shows that the generated distributions are significantly different
from the permeability field for the “ground truth” model (see Figure 14), indicating large
uncertainty in the generated prior models based on conditional simulation using the limited

information available prior to injection.

In k (mD) In k (mD) In k (mD)

Y

a0 60 0

(a) Realization 1 (b) Realization 2 (c) Realization 100

Figure 15: Three realizations for permeability fields of the Lower Madison based on conditional simulation.
Five black dots including one red dot in the figure denote the locations for the five exploratory wells respectively.

4.2.2 Model improvement/refinement

In the earlier example, we have demonstrated how site-specific uncertainty can be reduced by
assimilating monitoring data collected during GCS operations to update prior models. Figure 16
shows the permeability distributions for the prior model and updated models based on 3- and 10-
year monitoring durations for one of the 100 permeability realizations generated using conditional
simulations. It can be seen that after the monitoring data assimilation is conducted, the
permeability field is significantly updated (recovered). We can also see that the permeability field

based on assimilating 10 years of monitoring data is much closer to the ground truth model than
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533 the prior model. The entire model improvement/refinement over monitoring is quantified in Figure
534  17. It is important to note that the extent of model improvement is dependent on the number of

535  monitoring wells (refer to Figure 6).
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539 Figure 16: Model improvement over monitoring duration, realization 1, example 2.
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542 Figure 17: Boxplot of average absolute difference between calibrated models and the ground truth model over
543 monitoring duration, example 2. Circles in the plot are the outliers; five horizontal lines from bottom to top in
544 each boxplot, respectively, represent the minimum, the 1% quartile, the median, the 3" quartile and the
545 maximum of a distribution.

546

547 Here, we take the case with 3-year monitoring duration as an example to show the computational

548  cost for the data assimilation process using ES-MDA-GEO. The computational cost for the whole
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process includes three parts: the time for the forward simulation runs based on the prior models,
the time for the simulation runs in the data assimilation process, and the time for the forward
simulation runs based on posterior (updated) models. Note that the forward simulations based on
the prior models only need to be executed one time. In other words, if the forward simulations
based on the prior models have been executed in the case with 3-year monitoring duration, then it
is no longer required to execute the forward simulation runs based on prior models again in the
case with 10-year monitoring duration. For the simulation of 3-year monitoring duration in the
data assimilation process, it took about 0.7 hours for each simulation run using FEHM simulator.
For the forward simulation of 60-year injection and post-injection period based on the prior models
or the posterior models, each simulation run took about 6.7 hours. If all the required simulations
are executed sequentially, it took about 6.7 X 100 + 0.7 X 100 X 4 + 6.7 X 100 = 1620 hours.
The number ‘100’ denotes the ensemble size (i.e., the number of model realizations); ‘4’ denotes
the number of data assimilation steps (i.e., N, in the pseudo-code). Due to the independent
property of each ensemble for the ensemble-based method (i.e., ES-MDA-GEO), all the required
simulations in each data assimilation step and all the simulations based on prior and posterior
models can be executed in parallel. Based on our computational resources, we have 50 simulations
executed in parallel. Thus, the actual time for the data assimilation process with 3-year monitoring
duration is 1620/50 = 32.4 hours. Note that we can have at most 100 simulations executed
concurrently since the ensemble size is 100, so the minimum time cost for this field-scale case

with 3-year monitoring duration is 1620/100 = 16.2 hours.

4.2.3 Uncertainty reduction analysis of CO: saturation and pressure at monitoring wells

In the uncertainty reduction analysis, uncertainty reduction in different predicted metrics including,
the predictions of CO: saturation and pressure at well locations, CO; saturation/pressure plume
area/mobility/spreading are computed for different monitoring durations (1, 3, 5, 10, 15 and 20
years). First, the uncertainty reductions in the predictions of CO» saturation and pressure at
monitoring wells are analyzed. Figure 18 shows the history matches and predictions of pressure
and CO> saturation data at three monitoring well locations (M2, M3 & MY) after assimilating 3-
year monitoring data. Note that the total CO; injection period is 10 years, and the post-injection

duration is 50 years. We can see from Figure 18 that significant uncertainty exists in the pressure
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data (see cyan lines) which are computed from the prior models (permeability realizations) in the
first 10 years. A dramatic pressure decrease is observed after 10 years due to the fact that CO»
injection ceases. From Figure 18, it can also be seen that the pressure and CO- saturation data in
the first 3 years are well matched. The uncertainty in the predictions of the pressure and CO:
saturation data computed from posterior models (see blue lines) are much smaller than those
computed from prior models (see cyan lines) after 3 years, especially for pressure data from year
3 to year 10. Due to the fact that the CO; saturation in injection well (M3) is equal to 1, thus no

uncertainty in CO; saturation measurements is observed in the injection well; see Figure 18(e).
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Figure 18: Pressure and CO: saturation data matches for first 3 years (before vertical black line) and
predictions of 57 years at monitoring wells. Red lines indicate the history data; cyan curves indicate the data
computed from prior models and blue curves indicate the data computed from posterior models.

The uncertainties in the predictions of CO» saturation and pressure at each monitoring well at
the end of the project (60 years) for different monitoring durations are shown in Figure 19. The
purpose of this investigation is to show how longer monitoring durations reduce the uncertainties

in the predictions of CO> saturation and pressure at the end of 60 years. As can be seen from Figure

26



600
601
602
603
604
605
606
607
608

609

610

611

612

613

614

615
616
617
618
619
620
621
622

19(a), very little uncertainty exists in the predictions of CO; saturation at the end of 60 years at the
locations of monitoring wells M2, M3 and M4 (the saturations at these wells are equal to 1; see
Figure 18(d) and 18(e) as examples), and a small amount of uncertainty remains in prediction of
CO; saturation at wells M1 and M5 (see Figure 18(f) for M5). While there is not much uncertainty
to reduce in the predictions of CO» saturations at the monitoring well locations at the end of 60
years by assimilating monitoring data, it is critical to increase confidence in model predictions.
From Figure 19(b), we can see that most of the uncertainty in pressure data at all the monitoring
well locations at the end of 60 years is reduced within the first 10 years. However, the maximum

uncertainty reduction (about 0.04 MPa) is still not significant.
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Figure 19: Uncertainty of CO; saturation and pressure changing over monitoring time at monitoring wells.

4.2.4 Uncertainty reduction analysis of CO: saturation and pressure at legacy wells

In the above analysis, we have analyzed the uncertainty reduction in CO; saturation and pressure
at the monitoring well locations. For overall risk assessment it is important to effectively predict
saturation and pressure at legacy wells (N1, N2 and N3 in Figure 14) especially the ones which
are plugged and abandoned. Next, we will investigate how the uncertainties in the predictions of
CO» saturation and pressure at the legacy wells change with assimilation of monitoring data. We
predict pressure and saturation at different times at legacy well locations by running forward
simulations using the reservoir models that are iteratively updated through monitoring data

assimilation.
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Figure 20: Prediction of pressure and CO: saturation in 60 years at the legacy well based on a 3-year monitoring
duration. The cyan lines correspond to the prior models; the blue lines correspond to the posterior models; the
red line corresponds to the ground truth model.

Figure 20 shows the predictions of pressure and CO; saturation at the legacy well locations over
60 year duration. The cyan lines correspond to the calculation based on the prior (pre-injection)
models, while the blue lines correspond to the posterior models based on the 3-year monitoring
duration. The red line corresponds to the calculation based on the ground truth model, and it is
used for comparison of performance. As can be seen, the uncertainty in the prediction of pressure
based on the posterior models (see blue lines in Figure 20(a), (b) and (¢)) is significantly smaller
than that based on the prior models (see cyan lines in Figure 20(a), (b) and (c)). However, the
uncertainty reduction in CO; saturation is not as significant as that in the pressure data. This is due
to the fact that the pressure changes travel much farther in the reservoir compared to saturation.
For example, it can be seen that the CO> saturation plume does not reach at the monitoring wells
M1, M2 and M5 at the end of year 3. Thus, there is little information available from CO> saturation
measurements at these locations for updating the reservoir models. Though no CO» breakthrough
is also a ‘0’ data point and it needs to be matched by the models, this doesn’t mean that the “0”

data points provide significant value for model updating. However, as the monitoring duration
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645 increases from 3 to 10 years, movement of CO> plume over increased duration does lead to
646  observable changes at monitoring well locations which can lead to reducing the uncertainty in the

647  predictions of COz saturation; see Figure 21.
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651 Figure 21: Prediction of CO: saturation in 60 years at the legacy well based on a 10-year monitoring duration.
652 The cyan lines correspond to the prior models; the blue lines correspond to the posterior models; the red line
653 corresponds to the ground truth model.
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657 Figure 22: Uncertainty of CO; saturation and pressure as a function of monitoring duration at legacy wells.
658
659 The uncertainties in the predictions of CO» saturation and pressure at each legacy well at the

660  end of the project (60 years) after assimilating monitoring data for different durations are shown
661  in Figure 22. It can be observed from Figure 22(a) that the uncertainty in the prediction of pressure
662  decreases with the increase of monitoring duration for the three legacy wells. Most of the

663  uncertainties in the prediction of pressure at legacy wells are reduced after assimilating the first 15
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years of monitoring data. However, the maximum uncertainty reduction in the pressure is less than
0.04 MPa which even though is not significant by itself, it is significant when considering the
initial amount of uncertainty in pressure. We can see from Figure 22(b) that there is little to no
uncertainty in the prediction of CO; saturation at the end of 60 years at the legacy well N1. This
is because the location of N1 is very close to the injection well, the CO, saturation values calculated
from the posterior models are very close or equal to 1 at the end of 60 years at N1 (see Figure
21(a)). The uncertainty in the prediction of CO> saturation at N3 is small, which can be easily
explained by the saturation distribution at the end of 60 years; see the cyan lines at the end of 60
years in Figure 21(c). This small uncertainty can be reduced by only assimilating 1 year of
monitoring data. Significant reduction in the uncertainty in the prediction of CO, saturation at N2
is observed after assimilation of 10-year monitoring data. However, a small increase of the
uncertainty in the prediction of CO: saturation at N2 is observed after assimilating 15-year
monitoring data, which indicates that increased assimilation of monitoring data does not always
lead to reduced uncertainty in quantities such as pressure/saturation at legacy wells that are not
directly conditional to any history data. Theoretically, if a quantity is directly conditional to history
data, then increased assimilation of monitoring data can help to reduce the uncertainty in
predictions or forecasts of this particular quantity. However, if a quantity is not directly conditional
to any history data (such as CO; saturation data at legacy well), one cannot always guarantee more
uncertainty reduction in the predictions, and the observations from point properties such as CO»
saturation at legacy wells and averaged properties such as CO> saturation plume area (which will

be discussed later) have demonstrated this.

4.2.5 Uncertainty reduction analysis in plume stability metrics over monitoring duration

In addition to the changes in reservoir pressure and saturation, it is also important to take into
consideration evolution of CO; saturation and pressure plumes and different metrics that capture
plume evolution including plume area, mobility of plume centroids, and spreading of plumes. Harp
et al. (2019) have developed different quantitative metrics to capture the plume evolution. Figure
23 shows the change of the predictions of pressure and CO> saturation plume areas over monitoring
durations (0 and 3 years). From Figure 23(a), we can see that there is large uncertainty in the

prediction of pressure plume area during the injection period (the first 10 years), while large
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694  uncertainty in the prediction of CO» saturation plume area occurs during the post-injection period.
695 It can be observed from Figure 23(b) that the uncertainties in the predictions of pressure plume
696  area during the injection period and CO; saturation plume area during the post-injection period are

697  significantly reduced after assimilating 3 years of monitoring data.
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703 Figure 23: The change of the predictions of pressure and CO: saturation plume areas over monitoring
704 durations. In these figures, blue lines stand for the pressure plume area over time; green lines represent the
705 CO: saturation plume area over time; green areas indicate the CO: injection period.
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Figure 24: Uncertainty in the prediction of CO: saturation plume area at the end of the project as a function of
monitoring duration.

Figure 24 shows the uncertainty in the prediction of CO; plume area at the end of 60 years for
different monitoring durations. It can be observed that the uncertainty in the prediction of CO»
saturation plume area decreases with increases in monitoring duration, but most of the uncertainty
is reduced after assimilation 5 years of monitoring data. We also see slight increase in uncertainty
after assimilating 20-year monitoring data, which can be explained by the same reason (i.e.,
increased assimilation of monitoring data does not always lead to reduced uncertainty in quantities
that are not directly conditional to any history data) for the observation of uncertainty increase in
the prediction of CO: saturation at year 15 at the legacy well N2 (see Figure 22(b)). The
uncertainties in the predictions of pressure/CO» saturation plume mobility and spreading are also
investigated. We see that the uncertainties in the predictions of these quantities are observed only
in the early stage (within the first year) and assimilation of early stage monitoring data will help

reduce this early stage uncertainty (figures are not shown in this paper).

It should be noted that the plume stability metrics discussed here reflect average quantities over
an area or volume. While there can be large uncertainty in the permeability distribution, it does
not lead to similar scale of uncertainty in averaged quantities. This is reflected in uncertainties
computed for the different plume stability metrics mentioned above. Similarly, we do not observe
similar effect of assimilating monitoring data on reducing the uncertainty in plume stability metric

as that in quantities such as pressure and saturation at well locations.
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Conclusions

In this study, data assimilation and uncertainty reduction analysis in geologic CO2 sequestration
have been performed. Geostatistical conditional simulations were used to incorporate the data
collected from characterization wells into the generation of prior (pre-injection) site geologic and
reservoir models. To assimilate the data collected from monitoring operations and generate
posterior models conditional to monitoring data, a recently developed data assimilation approach,
ES-MDA-GEO, has been applied. Based on the prior and posterior (updated) models, the
uncertainty reductions in predictions of different quantities such as CO> saturation and pressure,
plume areas, plume centroid velocity and plume spreading metrics have been computed after
assimilation of monitoring data to investigate how assimilating monitoring data over different
monitoring durations affects the uncertainty reduction in predicted quantities. The results have
been demonstrated with two examples: a synthetic example and an example based on data collected
at the Rock Springs Uplift site in Wyoming. The following conclusions can be drawn from this

study:

* The ensemble-based algorithm, ES-MDA-GEOQO, can be used to effectively assimilate the
data collected from the monitoring operation of CO; storage. Due to the independent
property of each ensemble for the ensemble-based method, all the required forward
simulations in each data assimilation step can be executed in parallel (i.e., concurrently),

thus the use of ES-MDA-GEO is also efficient.

* The uncertainty reduction analysis approach can be applied to quantify the amount of
uncertainty reduction in different quantities including different risk metrics, which can
ultimately guide the determination of what is the effective monitoring duration to reduce

the uncertainties in predictions of different metrics including long-term risks.

* The reservoir models can be significantly improved/refined with repeated assimilation of
monitoring data, but the extent of model improvement is dependent on the number of

monitoring wells.

» Assimilation of monitoring data can significantly reduce the uncertainties in predictions
including during the post-injection period. The amount of reduction depends on the
predicted quantities (e.g., pressure/CO» saturation) and locations (e.g., M1, M2..., M5 and
N1, N2, N3 at RSU site) at which predictions are made.
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* More data acquired from monitoring wells cannot always guarantee more uncertainty
reduction in the prediction of quantities (for example, point properties such as CO>
saturation at legacy wells or averaged properties such as CO> saturation plume area) that

are not directly conditional to any history data.

It is important to note that in this study we only considered the quantities such as CO; saturations,
pressures and their respective plume metrics. The same approach can be applied to assess the
effectiveness of monitoring and monitoring duration to reduce uncertainty in risk metrics such as
COo/brine leakage rates through legacy wells and groundwater aquifer impact (TDS/pH plume
size) of COy/brine leaks and improve long-term leakage risk predictions. Quantification of
uncertainty reduction in wellbore leakage rates and groundwater aquifer impact in legacy wells
requires the use of quantitative approaches such as integrated assessment model (IAM) which
couples the reservoir model, wellbore model and aquifer model, which will be the focus of future

research.
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