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Abstract: Geologic CO2 sequestration sites usually have large uncertainty in geological properties, 6 

such as uncertainty in permeability and porosity fields. Geological uncertainty leads to significant 7 

uncertainty in predicted risk metrics such as CO2 plume extent, CO2/brine leakage rates through 8 

wellbores, and impacts to drinking water quality in groundwater aquifers due to CO2/brine leakage, 9 

all of which will impact the approach for post injection site care (PISC). Pre-injection risk 10 

assessment can be used to quantify the amount of uncertainty in different predicted risk metrics. 11 

However, it cannot account for the potential value of monitoring data (e.g., CO2 saturation and 12 

pressure measurements) acquired during the operation of CO2 storage. In this study, we 13 

demonstrate how uncertainty in predicted risks can be reduced by performing monitoring data 14 

assimilation. An ensemble of geological reservoir models, constrained by direct measurements 15 

(such as permeability estimates from exploratory wells), are generated by geostatistical conditional 16 

simulation. As the monitoring data from the storage site become available, they are assimilated 17 

into models using a recently developed data assimilation method, ES-MDA with geometric 18 

inflation factors (ES-MDA-GEO). The reservoir models, calibrated through multiple data 19 

assimilation iterations, are used to predict future risks and reduction in their uncertainties. The 20 

proposed approach for the quantification of uncertainty reduction in risk assessment is 21 

demonstrated with two examples: a generalized 3D synthetic case and a synthetic field case based 22 

on the Rock Springs Uplift site in southwestern Wyoming.  23 

Keywords: Geologic CO2 Sequestration; Risk Assessment; Conditional Simulation; Data 24 

Assimilation; Uncertainty Reduction Analysis 25 
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1 Introduction 29 

Geologic CO2 sequestration (GCS) is being considered as a strategy to reduce anthropogenic CO2 30 

emissions (Metz 2005; Michael et al. 2010). Different types of reservoirs or formations have been 31 

proposed to store CO2 emissions, such as oil or gas reservoirs, coal seams, deep oceans and saline 32 

aquifers (Harp et al. 2017; Jin et al. 2017; Liu and Mostaghimi 2017; Cui et al. 2018; Dai et al. 33 

2018; Chen and Pawar 2019; Ren and Duncan 2019; Zhang et al. 2019; Zhang et al. 2019). A 34 

primary concern with GCS projects is the potential for CO2 and brine leakage risks to overlying 35 

resources (e.g., potable groundwater, oil and gas reservoirs, etc.) (Benson and Myer 2003; Wilkin 36 

and DiGiulio 2010; Harp et al. 2016). To build confidence in GCS, a scientifically-sound 37 

quantitative approach for risk management is required to provide reliable predictions (forecasts) 38 

of long-term safety and risks of CO2 storage systems (Condor et al. 2011; De Lary et al. 2015; Li 39 

and Liu 2016). A number of studies demonstrate application of quantitative approaches for risk 40 

assessment (Zhang et al. 2011; Nicot et al. 2013; Dai et al. 2014; Pawar et al. 2016; Onishi et al. 41 

2019).  42 

    At any GCS site the pre-injection risk assessment is based on the available site characterization 43 

data which may be limited depending on the type of site and level of characterization effort. For 44 

example, typically saline aquifers do not have the benefit of prior characterization efforts such as 45 

depleted oil/gas reservoirs. The quality and quantity of characterization data will lead to certain 46 

level of uncertainty in site predictions including predicted long-term risks. During the injection 47 

phase monitoring data, such as pressure and CO2 saturation measurements, are usually collected 48 

from monitoring wells. As more monitoring data become available, it can be used to update and 49 

refine predictive models leading to better representation of the system and potentially less 50 

uncertainty in model outputs and improved predictions. Effectively incorporating new monitoring 51 

data throughout the GCS operation requires a formal strategy that can efficiently assimilate the 52 

data, update model parameters (or indicate model modifications if necessary), quantify the 53 

resulting uncertainty (potentially reducing the uncertainty and narrowing of uncertainty bands 54 

around outputs of interest), and ultimately provide implications for the reduction in risk associated 55 

with the GCS operation. In this study, we demonstrate how the uncertainty in predicted risk metrics 56 

changes with assimilation of monitoring data. Our approach includes sequentially conducting 57 

geostatistical conditional simulation for generating reservoir models and ensemble-based data 58 
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assimilation. To the best of our knowledge, uncertainty reduction analyses in risk assessment are 59 

currently scarce in existing literature. Next, we provide a discussion of some of the most relevant 60 

work on data assimilation and uncertainty quantification in order to put the methodology 61 

introduced in this paper in the proper context. 62 

    Oladyshkin et al. (2013) proposed a framework based on polynomial chaos expansion (PCE) 63 

and bootstrap filtering for assimilating pressure data into reservoir models and quantify the 64 

uncertainty reduction in CO2 leakage rate at a storage site. They considerd three uncertain 65 

parameters: reservoir permeability, reservoir porosity and wellbore permeability. Chen et al. (2018) 66 

demonstrated an approach based on a machine learning technique and a filter-based data 67 

assimilation method to perform CO2 monitoring design. In this approach, the optimal monitoring 68 

design can be determined based on choosing a design that reduces the uncertainty in the predictions 69 

of cumulative CO2 leakage. Though the methods for data assimilation proposed by Oladyshkin et 70 

al. and Chen et al. are computationally efficient, their methods are limited to cases where only a 71 

limited number of uncertain parameters are involved. Jia et al. (2018) proposed an approach based 72 

on Bayesian model averaging and Monte Carlo simulations to quantify the uncertainty at a site in 73 

western Texas. In their work, Monte Carlo simulations were conducted to quantify parameter 74 

uncertainty due to heterogeneity in porosity and permeability. Monte Carlo simulations were 75 

conducted via reduced order models which were developed using a PCE method. Then, the 76 

Bayesian model averaging method was used to quantify model uncertainty. Sun and Durlofsky 77 

(2019) developed a data-space inversion (DSI) approach to quantify uncertainty of CO2 plume 78 

locations during GCS. In the DSI approach, posterior predictions (forecast) of CO2 saturation 79 

distribution are generated using simulation results for prior model realizations along with observed 80 

data. Note that posterior geological models are not generated in the DSI method, which is different 81 

from the traditional data assimilation method such as ensemble-based data assimilation approaches.  82 

In the last decade, ensemble-based methods have been widely used for data assimilation of sub-83 

surface flow problems in both hydrologic applications and the petroleum industry. Among the 84 

ensemble-based methods, the ensemble Kalman filter (EnKF) is the most popular for data 85 

assimilation (or history-matching) applications (Aanonsen et al. 2009; Evensen 2009; Chang et al. 86 

2010; Chen and Oliver 2010). Emerick and Reynolds (2013) proposed a new data assimilation 87 

approach, i.e., Ensemble Smoother with Multiple Data Assimilation (ES-MDA) and demonstrated 88 

the superiority of ES-MDA over EnKF for data assimilation. The main drawback of ES-MDA is 89 



4 
 

that the total number of data assimilation steps and the inflation factors for each assimilation 90 

iteration must be specified before starting data assmilation processes. Recently, a more practical 91 

and efficient version of this approach called ES-MDA with geometric inflation factors (ES-MDA-92 

GEO) was proposed by Rafiee and Reynolds (2017). This method allows the user to specify a 93 

priori the total number of data assimilation steps which is determined based on the allowable 94 

computational resources, while at the same time providing sufficient damping of changes in the 95 

reservoir model realizations. This recently developed algorithm, ES-MDA-GEO, is implemented 96 

in this study for assimilating monitoring data collected during GCS projects. 97 

    This paper is organized as follows: we first present the methodology for this work, including 98 

the risk assessment workflow, the geostatistical conditional simulation method, and the ES-MDA-99 

GEO method for data assimilation and uncertainty reduction analysis. Then, the proposed method 100 

for risk assessment based on data assimilation and uncertainty reduction analysis is demonstrated 101 

with two examples: a 3D synthetic case and a synthetic field case based on the Rock Springs Uplift 102 

site in southwestern Wyoming. Finally, we summarize the results and present the conclusions of 103 

the paper. 104 

  105 

2 Methodology 106 

2.1 Workflow for risk assessment 107 

A workflow for predicting risks and updating predictions with monitoring data at a GCS site is 108 

shown in Figure 1. For a given GCS site, a few exploratory wells will be drilled to characterize the 109 

site including properties (e.g., permeability, porosity and rock compressibility) of the target 110 

reservoir. These data are subsequently used to develop geologic and reservoir models. Various 111 

approaches can be used for developing the models and using them for predictions and uncertainties 112 

associated with predictions. One approach is to use stochastic approaches such as geostatistical 113 

conditional simulations to generate an ensemble of realizations of heterogeneous reservoir 114 

properties. These ensemble models can be used to perform pre-injection risk assessment to 115 

quantify the preliminary uncertainties associated with different quantities, such as the predictions 116 

(forecasts) of CO2 saturation/pressure at monitoring or legacy wells, CO2 saturation/pressure 117 

plume area, plume mobility/spreading, as well as risk metrics such as CO2/brine leakage rates 118 

through wellbores, etc. There are uncertainties associated with these predicted quantities 119 
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depending on the uncertainty in the characterization data. Once CO2 injection begins, it results in 120 

monitoring data. Monitoring data can be used to update and refine predictive models and reduce 121 

the uncertainty in predictions. Assimilation of monitoring data can be done using an ensemble-122 

based method such as ES-MDA-GEO. We use a synthetic site to demonstrate the monitoring data 123 

assimilation approach using ensemble-based method and its effect on uncertainty reduction. Next, 124 

we provide more details on geostatistical conditional simulations for generating multiple, equi-125 

probable spatial distributions of geologic properties, data assimilation and uncertainty reduction 126 

analysis. 127 

 128 

Figure 1: The proposed workflow for geologic CO2 sequestration risk assessment. 129 

 130 

2.2 Geostatistical conditional simulation  131 

Geostatistical conditional simulation is widely used in hydrology and petroleum engineering to 132 

characterize heterogeneity in reservoirs (PetroWiki 2012). Conditional simulation preserves not 133 

only the statistics of the observed data (e.g., mean and variance) and their spatial correlation but 134 

also honors specific observations such as data measured at characterization wells. The stochastic 135 

property of conditional simulation allows generation of many equally probable geological 136 

realizations which can be used to quantify uncertainty in predictions.  137 
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    In GCS, direct measurements such as permeability estimates from characterization wells at a 138 

storage site are generally expected to be available. These direct measurements can be used as the 139 

inputs for conditional simulation to populate permeability fields in reservoir models for numerical 140 

simulation. In this study, the GSLIB Software (Deutsch and Journel 1998) is employed to perform 141 

conditional simulation where the measurements of permeability at characterization wells are 142 

honored into models when generating heterogeneous reservoir models. To perform ensemble-143 

based data assimilation using ES-MDA-GEO (which will be discussed in detail next) and quantify 144 

uncertainty effectively, 100 permeability fields are generated using GSLIB. These permeability 145 

fields are used to generate reservoir models for performing pre-injection reservoir performance 146 

predictions using LANL’s FEHM simulator [34] and subsequent predictions of a few risk metrics. 147 

These models are called “prior models” in subsequent sections. 148 

 149 

2.3 Data assimilation using ES-MDA-GEO 150 

To generate estimates of the ground truth model and to quantify the uncertainty reduction in the 151 

risk assessment, there generally can be an infinite number of reservoir models that are consistent 152 

with observations (i.e., monitoring data) in the probabilistic context. Ensemble-based data 153 

assimilation methods such as Ensemble Smoother with Multiple Data Assimilation (ES-MDA) can 154 

be easily embedded in this probabilistic framework. ES-MDA was first proposed by Emerick and 155 

Reynolds (2013), who demonstrated that ES-MDA is superior over EnKF for data assimilation. 156 

Though ES-MDA has been demonstrated to be a promising method for assmilating data in sub-157 

surface flow problems (Silva et al. 2017; Evensen 2018; Kim et al. 2018), the main disadvantage 158 

of ES-MDA is that the total number of data assimilation steps and the inflation factors for each 159 

assimilation step must be specified before starting data assmilation or history matching processes. 160 

To address these issues with the application of ES-MDA, Le et al. (2016) proposed an adaptive 161 

ES-MDA method in which the inflation factors are updated at each assimilation step. Although 162 

this has improved the performance of the original ES-MDA, it often requires a large number of 163 

assimilation steps which may be computationally infeasible for large-scale field examples. 164 

Recently, Rafiee and Reynolds (2017) proposed a practical and efficient method to determine the 165 

exact minimum inflation factor at each data assimilation step. This method allows the user to 166 

specify a priori the total number of data assimilation steps which is determined based on the 167 
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allowable computational resources, while at the meantime providing sufficient damping of 168 

changes in the reservoir model realizations at each iteration to control overshooting and 169 

undershooting that can cause rough or inaccurate estimates of reservoir models. This new proposed 170 

ES-MDA algorithm is called ES-MDA-GEO and is implemented in this study for assimilating 171 

monitoring data collected during GCS projects. The following is the pseudo-code for the 172 

implementation of conditional simulation and data assimilation. 173 

 174 

Pseudo-code for the implementation of conditional simulation and data assimilation: 175 

1. Generate initial ensemble models denoted by �𝑚𝑚𝑗𝑗
𝑎𝑎,0�

𝑗𝑗=1

𝑁𝑁𝑒𝑒  using geostatistical conditional simulation. 176 

2. Choose the number of data assimilation steps, 𝑁𝑁𝑎𝑎. 177 

3. For 𝑖𝑖 = 1 to 𝑁𝑁𝑎𝑎: 178 

 Set  𝑚𝑚𝑗𝑗
𝑓𝑓,𝑖𝑖 = 𝑚𝑚𝑗𝑗

𝑎𝑎,𝑖𝑖−1 for 𝑗𝑗 = 1, 2, … ,𝑁𝑁𝑒𝑒 . 179 

 Run the ensemble models from time zero. 180 

 Calculate ∆𝑀𝑀𝑖𝑖 and ∆𝐷𝐷𝑖𝑖  using Eqs. 1 and 2, respectively. 181 

 Calculate 𝐺𝐺𝐷𝐷𝑖𝑖  using 𝐺𝐺𝐷𝐷𝑖𝑖 = 𝐶𝐶𝐷𝐷
−1/2∆𝐷𝐷𝑖𝑖 . 182 

 If (𝑖𝑖 = 1) then 183 

• Set 𝛼𝛼1 = 𝑚𝑚𝑚𝑚𝑚𝑚�𝜆𝜆2̅,𝑁𝑁𝑎𝑎�, where 𝜆̅𝜆 is average singular value of 𝐺𝐺𝐷𝐷𝑖𝑖 . 184 
• Solve 1−(1/𝛽𝛽)𝑁𝑁𝑎𝑎−1

1−(1/𝛽𝛽)
 = 𝛼𝛼1 for 𝛽𝛽. 185 

              Else 186 

• Set 𝛼𝛼𝑖𝑖 = 𝛽𝛽𝑖𝑖−1𝛼𝛼1. 187 
              End If 188 

 For 𝑗𝑗 = 1 to 𝑁𝑁𝑒𝑒 189 

• For each ensemble number, perturb the observation vector using 𝑑𝑑uc,𝑗𝑗
𝑖𝑖 = 𝑑𝑑obs + �𝛼𝛼𝑖𝑖𝐶𝐶𝐷𝐷

1/2𝑧𝑧𝑗𝑗 , 190 
where 𝑧𝑧𝑗𝑗~𝒩𝒩(0, 𝐼𝐼𝑁𝑁𝑑𝑑). 191 

•  Update the ensemble using the following equation   𝑚𝑚𝑗𝑗
𝑎𝑎,𝑖𝑖 = 𝑚𝑚𝑗𝑗

𝑓𝑓,𝑖𝑖+∆𝑀𝑀𝑖𝑖�𝐺𝐺𝐷𝐷𝑖𝑖 �
𝑇𝑇 �𝐺𝐺𝐷𝐷𝑖𝑖 �𝐺𝐺𝐷𝐷𝑖𝑖 �

𝑇𝑇 +192 

𝛼𝛼𝑖𝑖𝐼𝐼𝑁𝑁𝑑𝑑�
−1
𝐶𝐶𝐷𝐷
−1/2(𝑑𝑑uc,𝑗𝑗

𝑖𝑖 − 𝑑𝑑𝑗𝑗
𝑓𝑓,𝑖𝑖). 193 

              End For 194 

   End For 195 

 196 

where 𝑚𝑚  denotes the vector of model parameters; superscripts 𝑎𝑎  and 𝑓𝑓  denote analysis and 197 

forecast, respectively; 𝑁𝑁𝑒𝑒  refers to the total number of model realizations; 𝑁𝑁𝑎𝑎  denotes the 198 
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predefined number of data assimilation steps; ∆𝑀𝑀𝑖𝑖 and ∆𝐷𝐷𝑖𝑖 denote the model square root matrix 199 

and data square root matrix, respectively, and are defined as 200 

∆𝑀𝑀𝑖𝑖 = 1
�𝑁𝑁𝑒𝑒−1

�𝑚𝑚1
𝑓𝑓,𝑖𝑖 − 𝑚𝑚�𝑓𝑓,𝑖𝑖, … ,𝑚𝑚𝑁𝑁𝑒𝑒

𝑓𝑓,𝑖𝑖 − 𝑚𝑚�𝑓𝑓,𝑖𝑖�,                                       (1) 201 

∆𝐷𝐷𝑖𝑖 = 1
�𝑁𝑁𝑒𝑒−1

�𝑑𝑑1
𝑓𝑓,𝑖𝑖 − 𝑑̅𝑑𝑓𝑓,𝑖𝑖, … ,𝑑𝑑𝑁𝑁𝑒𝑒

𝑓𝑓,𝑖𝑖 − 𝑑̅𝑑𝑓𝑓,𝑖𝑖�,                                        (2) 202 

where 203 

 𝑚𝑚�𝑓𝑓,𝑖𝑖 = 1
𝑁𝑁𝑒𝑒
∑ 𝑚𝑚𝑗𝑗

𝑓𝑓,𝑖𝑖𝑁𝑁𝑒𝑒
𝑗𝑗=1 ,                                                      (3) 204 

𝑑̅𝑑𝑓𝑓,𝑖𝑖 = 1
𝑁𝑁𝑒𝑒
∑ 𝑑𝑑𝑗𝑗

𝑓𝑓,𝑖𝑖𝑁𝑁𝑒𝑒
𝑗𝑗=1 ;                                                       (4) 205 

𝐺𝐺𝐷𝐷𝑖𝑖  is the dimensionless sensitivity matrix; 𝐶𝐶𝐷𝐷  is the covariance matrix of observed data 206 

measurement errors; 𝛼𝛼𝑖𝑖 is the measurement error inflation factor at the 𝑖𝑖th data assimilation step; 207 

𝑑𝑑obs is the vector of observed data; 𝑑𝑑uc,𝑗𝑗
𝑖𝑖  is a sample from the normal distribution 𝒩𝒩(𝑑𝑑obs,𝛼𝛼𝑖𝑖𝐶𝐶𝐷𝐷 ); 208 

𝑑𝑑𝑗𝑗
𝑓𝑓,𝑖𝑖 denotes the forecast data obtained from the forward model evaluated at 𝑚𝑚𝑗𝑗

𝑓𝑓,𝑖𝑖. Refer to Rafiee 209 

and Reynolds (2017) for more details on the theoretical derivation and the implementation of the 210 

ES-MDA-GEO algorithm. In this study, the total number of model realizations 𝑁𝑁𝑒𝑒 is 100 and the 211 

number of data assimilation steps 𝑁𝑁𝑎𝑎 is 4. Note 𝑁𝑁𝑒𝑒 and 𝑁𝑁𝑎𝑎 are two important input parameters for 212 

the ES-MDA-GEO algorithm (refer to the pseudo-code above). The choices for 𝑁𝑁𝑒𝑒  and 𝑁𝑁𝑎𝑎 are 213 

based on the recommendation in the works of Emerick and Reynolds (2013), Le et al. (2016) and 214 

Rafiee and Reynolds (2017). It is important to note that step 3 in the pseudo-code is repeated if 215 

more monitoring data are available from a storage site until it is determined that the value of 216 

information (VOI) will not increase with futher data acquistion. Here, VOI, defined by the amount 217 

of uncertainty reduction in risk quantities, will be introduced next. 218 

 219 

2.4 Uncertainty reduction analysis 220 

Uncertainty reduction analysis, one of the key elements in risk assessment, is conducted after the 221 

data assimilation process is completed. In this study, we investigated uncertainty reduction in 222 

multiple metrics including, predictions (forecasts) of CO2 saturation and pressure data at 223 

monitoring or legacy wells, CO2 saturation and pressure plume area, and CO2 saturation/pressure 224 

plume mobility and spreading. Various other metrics can also be investigated including, rates of 225 
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CO2/brine leakage through wellbores and groundwater aquifer impact (e.g., pH and total dissolved 226 

solid (TDS)), but the evaluation of these metrics using a similar analysis approach as the evaluation 227 

of the quantities to be investigated in this study will require quantification of these metrics using 228 

the reservoir predictions such as U.S. National Risk Assessment Partnership’s (NRAP’s) 229 

integrated assessment model (IAM) that couples the reservoir model, wellbore model and aquifer 230 

model (Pawar et al. 2016), which is out of the scope of this study.  231 

    The prior probability density function (PDF) of a metric of interest, 𝐽𝐽, is denoted as 𝑃𝑃(𝐽𝐽). Note 232 

that 𝑃𝑃(𝐽𝐽) is computed based on the prior reservoir models that are generated by using conditional 233 

simulation. We denote the amount of uncertainty in a distribution 𝑃𝑃(𝐽𝐽) as 𝑈𝑈(𝑃𝑃(𝐽𝐽)), which, as in 234 

Le and Reynolds (2014), is defined by  235 

𝑈𝑈�𝑃𝑃(𝐽𝐽)� = 𝑃𝑃90�𝑃𝑃(𝐽𝐽)� − 𝑃𝑃10�𝑃𝑃(𝐽𝐽)�,                                        (5) 236 

where 𝑃𝑃90�𝑃𝑃(𝐽𝐽)� and 𝑃𝑃10�𝑃𝑃(𝐽𝐽)� are the 90th and 10th percentiles, respectively, of the distribution 237 

𝑃𝑃(𝐽𝐽). The posterior PDF of 𝐽𝐽 denoted by 𝑃𝑃(𝐽𝐽|𝑑𝑑obs) can be calculated after the data assimilation 238 

process is completed, where 𝑃𝑃(𝐽𝐽|𝑑𝑑obs)  is the probability that the objective 𝐽𝐽  conditional to 239 

monitoring data 𝑑𝑑obs. Here, the uncertainty reduction, 𝑈𝑈𝑅𝑅, due to monitoring data assimilation, is 240 

defined as the difference between the prior uncertainty and the posterior uncertainty in the model 241 

output of interest, which is given by 242 

𝑈𝑈𝑅𝑅 = 𝑈𝑈�𝑃𝑃(𝐽𝐽)� − 𝑈𝑈�𝑃𝑃(𝐽𝐽|𝑑𝑑𝑜𝑜𝑜𝑜𝑜𝑜)�.                                             (6) 243 

In the uncertainty reduction analysis, the amount of uncertainty reduction in each quantity of 244 

interest will be quantified based on Eq. 6. By analyzing the uncertainty reduction in all the 245 

quantities that are of interest we can get reasonable understanding of when to stop monitoring at a 246 

specific monitoring well. 247 

 248 

3 Example 1: 3D Synthetic Case 249 

3.1 Model description 250 

We use a synthetic model to apply the workflow discussed in the previous section. As a first step, 251 

we generate a synthetic “ground truth” field representation. The synthetic model is 4 𝑘𝑘𝑘𝑘 in the 252 

horizontal direction, 100 𝑚𝑚 thick and is at 1 𝑘𝑘𝑘𝑘 depth from the ground surface. The model has 253 
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51 × 51 × 11 nodes in the x, y and z directions respectively. Figure 2 presents the horizontal log-254 

permeability (ln k) distribution for the top layer for the true reservoir model (i.e., synthetic ground 255 

truth). For simplicity, we assume that the other 9 layers have the same permeability distribution as 256 

the top layer.  257 

    Next we collect permeability values at 5 locations in the field assuming they were collected by 258 

drilling exploratory (characterization) wells (M1, M2..., and M5) at locations shown in Figure 2. 259 

For our model the reservoir permeabilities at the five exploratory wells, respectively, are 49.75, 260 

92.77, 208.80, 61.02 and 108.51 𝑚𝑚𝑚𝑚 . It is assumed that this is the only characterization 261 

information available for generating spatial permeability distributions. The geostatistical 262 

conditional simulation will be conducted honoring these direct measurements from exploratory 263 

wells to generate the prior reservoir models. Next, we assume that CO2 is injected at a rate 1 MM 264 

tons/year through an injector located at location M3 while the other four wells (M1, M2, M4 & 265 

M5) are used as monitoring wells. Note that the locations of monitoring (characterization) wells 266 

are randomly chosen, and they are assumed to be the optimal monitoring locations. In previous 267 

work, Chen et al. (2018) conducted monitoring design based on machine learning and uncertainty 268 

quantification methods to determine the optimal monitoring strategy, i.e., where are the optimal 269 

locations to place the monitoring wells(s) and what type of data (pressure, temperature, CO2 270 

saturation, etc.) should be measured. The focus of this study is to investigate how monitoring data 271 

can be used to reduce the uncertainty of risk quantities in geologic CO2 sequestration; therefore 272 

the optimization of monitoring well location is not considered in this study. 273 

 274 

Figure 2: Log-permeability distribution for the ground truth model and the locations for exploratory wells (M1 275 
through M5). 276 
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 277 

    We consider a 5-year injection period and 10-year post-injection period. The types of 278 

monitoring data collected from the field are pressure and CO2 saturation. The frequency of data 279 

acquisition is once per month, which results in 12 measurements per year for both pressure and 280 

CO2 saturation. If 3 years of monitoring data are collected, then 12 × 3 × 2 = 72 data points will 281 

be used to construct the observed data vector, 𝑑𝑑obs. In addition to the monitoring wells, we collect 282 

monitoring data at the injector as well. Since we use a synthetic reservoir, the actual monitoring 283 

data are not available. We generate the monitoring data by performing a forward simulation using 284 

the “ground truth” model. These monitoring data will be assimilated into the prior reservoir models 285 

to update the models and the resulting reduction in prediction uncertainty quantified. The 286 

numerical meshes for the reservoir simulation model are generated using the LaGriT grid 287 

generation toolkit (http://lagrit.lanl.gov) (George et al. 1999). All the required simulations are 288 

performed by the FEHM simulator (Zyvoloski et al. 1997). 289 

 290 

3.2 Results and analysis  291 

3.2.1 Permeability fields based on conditional simulation 292 

To perform geostatistical conditional simulation and generate pre-injection permeability 293 

distributions, we first compute the mean and variance values of the five permeabilities measured 294 

at the exploratory (monitoring) wells. Since five permeability values are not enough to evaluate 295 

the correlation length of reservoir permeability distribution, we assume the reservoir permeability 296 

is isotropic and are spatially correlated with a correlation length of 400 𝑚𝑚 (corresponding to the 297 

five grid block lengths). We use the permeability values at the exploratory wells, the values for 298 

mean and variance of permeability distribution, and the assumed correlation length, to generate 299 

100 prior (pre-injection) reservoir permeability distributions using geostatistical conditional 300 

simulations. Figure 3 shows the log-permeability fields generated using the conditional simulation. 301 

Only three out of 100 permeability realizations are presented in Figure 3. It can be seen from Figure 302 

3 that the permeabilities at the five exploratory wells are honored during conditional simulation, 303 

and therefore influence the surrounding permeability values. Comparing with the permeability 304 

distribution in the “ground truth” model it can be seen that the permeability distribution of each 305 

http://lagrit.lanl.gov/
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realization generated from conditional simulation is significantly different indicating large 306 

uncertainty in the geostatistically generated distributions. 307 

 308 

 309 

                       (a) Realization 1                                (b) Realization 2                             (c) Realization 100 310 

Figure 3: Log-permeability distributions generated based on conditional simulation. 311 

 312 

3.2.2 Model improvement/refinement 313 

It is inevitable to have large uncertainty in pre-injection (prior) geologic and reservoir models 314 

when using limited prior information from a storage site. However, the geological uncertainty in 315 

the prior models can be reduced by assimilating monitoring data into the models. Figure 4 shows 316 

the permeability distributions of the reservoir models at different stages of data assimilation for 317 

one of the 100 realizations. It can be seen from Figure 4 that the permeability distribution is getting 318 

closer to the “ground truth” model as the monitoring duration increases. This increased similarity 319 

between the updated model and the “ground truth” model after assimilation of 7 years monitoring 320 

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

 322 
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 323 

                                                         (a) Prior                                            (b) 1 year 324 

 325 

                                                         (c) 3 years                                            (d) 7 years 326 

Figure 4: Model improvement over monitoring time, realization 1, example 1. 327 

 328 

    The update/refinement in the permeability fields over the monitoring duration is quantified in 329 

Figure 5. In this figure, the “average absolute difference (AAD)” (y-axis) is defined by the 330 

summation of the absolute difference between the log-permeability of an individual node in the 331 

updated model and the value of the corresponding node in the “ground truth” model divided by 332 

the total number of nodes. A smaller AAD indicates higher similarity between the updated model 333 

and the ground truth model. Each boxplot in Figure 5 is based on 100 AAD values (recall that we 334 

have 100 realizations for model updating). We can easily see from this figure that the reservoir 335 

models are significantly improved/refined with repeated assimilation of monitoring data. 336 
  337 



14 
 

 338 

Figure 5: Boxplot of average absolute difference between calibrated models and the ground truth model over 339 
monitoring duration, example 1. Circles in the plot are the outliers; five horizontal lines from bottom to top in 340 
each boxplot, respectively, represent the minimum, the 1st quartile, the median, the 3rd quartile and the 341 
maximum of a distribution. 342 

 343 

    The effect of the number of monitoring wells on model refinement is investigated by 344 

sequentially eliminating monitoring wells M1, M5 and M2 in the field.  Figure 6 shows the boxplot 345 

of AAD between calibrated models and the ground truth model by varying the number of 346 

monitoring wells. In this figure, ‘4’ monitoring wells correspond to our original scenario; ‘3’ 347 

monitoring wells indicate that monitoring well M1 is eliminated from the analysis; ‘2’ indicates 348 

that only M2 and M4 are included; and ‘1’ indicates that only M4 is included.  As can be seen 349 

from Figure 6, when more monitoring wells are placed in the field, the reservoir models can be 350 

more significantly improved (smaller AAD value) by assimilating the monitoring data. Thus, the 351 

extent of model improvement is dependent on the number of monitoring wells. The marginal 352 

improvement in AAD is fairly consistent from 1 to 4 monitoring wells. It is not surprising that 353 

more wells lead to a better model calibration. However, it is important to note that for a deep saline 354 

GCS project, there won’t be too many characterization/monitoring wells (usually less than 5 wells).  355 

 356 
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 357 

Figure 6: Boxplot of average absolute difference between calibrated models and the ground truth model by 358 
varying the number of monitoring wells; 5-year monitoring duration is considered. 359 

 360 

3.2.3 Uncertainty reduction analysis over monitoring durations 361 

In this subsection, the uncertainty reduction in the predictions of CO2 saturation and pressure is 362 

discussed. Based on prior reservoir models, we first computed the predictions (forecasts) of CO2 363 

saturation and pressure at monitoring well locations; shown in  Figure 7. Note that each cyan line 364 

corresponds to one prediction of CO2 saturation or pressure based on one prior model (there are 365 

100 prior models in total). It can be observed that large uncertainties are involved in the predictions 366 

of CO2 saturation in wells M1 and M5. Significant uncertainties can also be seen in the predictions 367 

of pressure data at the monitoring well locations, especially during the injection period (first five 368 

years). Similar observations can be found in the predictions of CO2 saturation and pressure data in 369 

wells M2, M3 and M4, which are not shown here. 370 

     371 

                                         (a) CO2 saturation, M1                                        (b) CO2 saturation, M5 372 
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     373 

                                              (c) Pressure, M1                                                (d) Pressure, M5 374 

Figure 7: The predictions (forecasts) of CO2 saturation and pressure based on prior reservoir models at 375 
monitoring wells M1 and M5. 376 

 377 

    To reduce the uncertainty in the predictions, monitoring data are collected at the monitoring 378 

wells after start of CO2 injection. The monitoring data are assimilated into reservoir models after 379 

different monitoring durations, such as 1 and 3 years. Note that 1 and 3 year monitoring durations 380 

are monthly for the first year of injection and monthly for the first three years of injection, 381 

respectively. The longest monitoring duration considered in this study is 10 years which include 382 

5-year post-injection period. After each data assimilation iteration the updated reservoir models 383 

are used to perform future predictions and quantify uncertainties. Figure 8 shows the comparison 384 

between CO2 saturation at monitoring wells predicted with pre-injection models (cyan curves) and 385 

updated models (blue curves) for all 100 realizations. The figure shows results for different 386 

monitoring durations. It can be observed from Figure 8 that the variability in the predictions of 387 

CO2 saturation is reduced by assimilating monitoring data after different monitoring durations (i.e., 388 

1, 5 and 7 years) and the reduction in variability increases with increased monitoring data 389 

assimilation. Similar observations can be found in the predictions of pressure data based on 390 

posterior models (see Figure 9), but most of the reduction in variability in the pressure data takes 391 

place after assimilation of first year of monitoring data. 392 

 393 



17 
 

         394 

(a) M1 395 

         396 

(b) M5 397 

Figure 8: Assimilating CO2 saturation measurements collected within different monitoring durations (1, 3 and 398 
7 years) at wells M1 and M5, and predictions of CO2 saturation for the remaining years. Red lines represent 399 
the monitoring data generated by the ground truth model. Cyan lines represent the data from a priori models 400 
and blue lines represent the data from a posteriori models. 401 

 402 

        403 

Figure 9: Assimilating pressure measurements collected within different monitoring durations (1 year, 3 years 404 
and 7 years) at well M1, and predictions of pressure for the remaining years. 405 

 406 
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         407 

                         (a) Uncertainty of CO2 saturation                                          (b) Uncertainty of pressure 408 

Figure 10: Uncertainty of CO2 saturation and pressure over monitoring durations. 409 

 410 

    To quantitatively evaluate the uncertainty reduction in the predictions of CO2 saturation and 411 

pressure at the end of the project (15 years), we compute the uncertainty of CO2 saturation and 412 

pressure (𝑃𝑃(𝐽𝐽|𝑑𝑑obs) in Eq. 6) at the end of 15 years considering different monitoring durations, 413 

i.e., 1, 3, 5, 7 and 10 years. The computed uncertainties in CO2 saturation and pressure over the 10 414 

years monitoring duration are shown in Figure 10. The objective of our investigation is to assess 415 

how monitoring duration affects the uncertainties in the predictions of CO2 saturation and pressure 416 

at the end of 15 years. It can be seen from Figure 10(a) that most of the uncertainties in CO2 417 

saturation at the monitoring wells M1, M2 and M5, respectively, are reduced after assimilating 418 

monitoring data after the first 5, 3 and 7 years, respectively. There is no uncertainty in CO2 419 

saturation at M3 (the injector) and M4 at the end of 15 years according to the definition of 420 

uncertainty given in Eq. 5; see Figure 11. From Figure 10(b), we can see that most of the 421 

uncertainty in pressure at the end of 15 years is reduced after assimilating one year of monitoring 422 

data. However, the uncertainty reduction in the prediction of pressure is not as significant as for 423 

CO2 saturation due to the fact that the variability in the pressure change is small once the CO2 424 

injection stops (see blue lines after year 5 in Figure 9 as an example).  425 

 426 
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     427 

Figure 11: History matching 10 years’ CO2 saturation data and prediction for the remaining 5 years at 428 
monitoring wells M3 and M4. Red lines represent the monitoring data generated by the ground truth model. 429 
Cyan lines represent the data from a priori models and blue lines represent the data from a posteriori models. 430 

 431 

    The first example was used to demonstrate the effectiveness of the ES-MDA-GEO algorithm 432 

for assimilating monitoring data to refine reservoir models. In addition, the uncertainty reduction 433 

in the predictions of CO2 saturation and pressure over different monitoring durations has been 434 

visualized. Next, we will demonstrate the proposed workflow for reducing uncertainty through 435 

monitoring data assimilation using data for a field site.  436 

 437 

4 Example 2: Rock Springs Uplift Site 438 

4.1 Site description 439 

Rock Springs Uplift (RSU), which is located in Southwestern Wyoming, has been identified as a 440 

potential site for CO2 storage by the Wyoming State Geological Survey (Surdam and Jiao 2007). 441 

Figure 12 is a stylized cross section of the RSU and adjacent basins. Our study uses the Lower 442 

Madison formation, one of the formations identified by Wyoming Geological Survey as potential 443 

CO2 storage reservoirs. The average thickness of the Lower Madison formation in our model 444 

domain is 94 𝑚𝑚. Note only part of this formation is used as the target area for the numerical 445 

simulation of CO2 injection in this study. The distances from the RSU #1 to four boundaries (from 446 

east to north) of the target area are 3283 𝑚𝑚, 2948 𝑚𝑚, 2747 𝑚𝑚 and 3082 𝑚𝑚, respectively. 447 

 448 
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 449 

Figure 12: Stylized geologic cross section through study site and adjacent basins. Madison formation is denoted 450 
by the blue stripe. Black lines at the left-hand side represent faults. (Surdam and Jiao (2007)). 451 

 452 

 453 

Figure 13: A mesh side view is shown in the top image. Side and map views of Lower Madison is shown in the 454 
middle and bottom images. (Harp et al. (2017)). 455 
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 456 

The top image in Figure 13 displays the computational mesh used in the reservoir simulation 457 

model. The computational mesh has approximate horizontal extents of 6.03 𝑘𝑘𝑘𝑘 by 6.03 𝑘𝑘𝑘𝑘 and 458 

from 2.8 𝑘𝑘𝑘𝑘 to 4.3 𝑘𝑘𝑘𝑘 below the ground surface. The bottom image in Figure 13 displays the side 459 

view of the target reservoir, the Lower Madison formation. Pressure within the model is initialized 460 

using a hydrostatic pressure gradient with atmospheric pressure at the ground surface. This 461 

produces an initial pressure at the bottom of the CO2 injection well of 37 MPa.Temperature within 462 

the model is initialized based on a geothermal gradient of 0.0255 °𝐶𝐶/𝑚𝑚  and an average surface 463 

temperature of 4.4 °𝐶𝐶.  464 

 465 

Figure 14: Horizontal log-permeability distribution for the “ground truth” model. M1 through M5 are the 466 
locations for the five exploratory wells. N1, N2 and N3 are the locations for three legacy wells. The upper right 467 
corner (solid blue region) is considered separated from the rest of the domain by a non-transmissive fault.  468 

 469 

At RSU site only one exploratory well (RSU #1) has been drilled to the depth of the Lower 470 

Madison formation and has been used to collect multiple characterization data. The 471 

characterization data has been used to generate a geologic model for the site including, a spatial 472 

distribution of permeability for the Lower Madison formation (Surdam and Jiao 2007). We assume 473 

this geologic model as the “ground truth” for the RSU site. We assume that in addition to the RSU 474 

#1 four more characterization wells are drilled to collect characterization data about the target 475 

storage reservoir prior to injection, and these wells later will be used as monitoring wells during 476 

the injection phase. The locations of these five characterization wells (M1 through M5) are shown 477 

https://www.sciencedirect.com/topics/engineering/surface-pressure
https://www.sciencedirect.com/topics/engineering/geothermal
https://www.sciencedirect.com/topics/engineering/average-surface-temperature
https://www.sciencedirect.com/topics/engineering/average-surface-temperature
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in Figure 14. RSU #1 is referred to as M3 in the later presentation. The upper right corner (solid 478 

blue region) in Figure 14 is considered separated from the rest of the domain by a non-transmissive 479 

fault which exists within the RSU study domain. Since the true permeabilities for the four potential 480 

exploratory wells are unknown, we obtain these values from the synthetic “ground truth” model 481 

for the Lower Madison formation. The permeabilities in the Lower Madison formation at the 482 

locations of the five characterization wells (M1 through M5) are 14.98, 15.77, 10.49, 8.40 and 4.55 483 

𝑚𝑚𝑚𝑚, respectively. We assume no permeability variability in the vertical direction. In addition to 484 

the five characterization wells, we also assume three legacy wells, which are plugged and 485 

abandoned, exist at the site. These legacy wells are, denoted as N1, N2 and N3 on Figure 14 (Note 486 

that, wells M1, M2, M4, M5, N1, N2 & N3 are hypothetical and assumed to exist only for this 487 

study).  488 

    We assume CO2 is injected through well M3 at a rate of 1 MM tons/year (31.7 kg/s) over a 489 

duration of 10 years which is followed by a 50 years post-injection site care period. Similar to the 490 

previous example, we assume that the types of monitoring data collected from the field are pressure 491 

and CO2 saturation. The frequency of the data acquisition program is once per month, which results 492 

in 12 measurements per year for both pressure and CO2 saturation. These monitoring data are 493 

iteratively assimilated into the reservoir models to quantify uncertainty reduction in the predictions 494 

including various risk metrics. As in example 1, there is no GCS operation taking place at the RSU 495 

site and no actual monitoring data available for the site. We generate the monitoring data by 496 

performing a forward simulation based on the “ground truth” model. 497 

 498 

4.2 Results and analysis 499 

4.2.1 Permeability fields based on geostastical conditional simulation 500 

Based on the permeabilities obtained from the five exploratory wells, we compute the mean and 501 

variance of the permeabilities. The correlation length for the isotropic permeability distribution is 502 

assumed to be 670 𝑚𝑚 (corresponding to the width of 10 cells of our computational mesh). With 503 

the mean and variance of the permeability distribution and the assumed correlation length, 504 

conditional simulation is conducted to generate 100 permeability fields for the Lower Madison 505 

formation using GSLIB software. The 100 permeability fields will be used to construct 100 prior 506 

models (pre-injection) of spatial permeability heterogeneity in this study.  Note that other reservoir 507 
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properties, such as porosity, can also be included in the conditional simulation, but only reservoir 508 

permeability is considered here, and other reservoir properties such as porosity distribution has 509 

been directly used from the ground truth model. Three examples of the permeability realizations 510 

generated using geostatistical conditional simulations are shown in Figure 15. The permeabilities 511 

at the five monitoring (exploratory) wells are honored during conditional simulation, i.e., the 512 

permeability values at these five wells are predesignated during the conditional simulation. 513 

Comparison of the permeability distribution of each realization generated from conditional 514 

simulation with the “ground truth” shows that the generated distributions are significantly different 515 

from the permeability field for the “ground truth” model (see Figure 14), indicating large 516 

uncertainty in the generated prior models based on conditional simulation using the limited 517 

information available prior to injection. 518 

 519 

 520 

                           (a) Realization 1                          (b) Realization 2                         (c) Realization 100 521 

Figure 15: Three realizations for permeability fields of the Lower Madison based on conditional simulation. 522 
Five black dots including one red dot in the figure denote the locations for the five exploratory wells respectively. 523 

 524 

4.2.2 Model improvement/refinement 525 

In the earlier example, we have demonstrated how site-specific uncertainty can be reduced by 526 

assimilating monitoring data collected during GCS operations to update prior models. Figure 16 527 

shows the permeability distributions for the prior model and updated models based on 3- and 10-528 

year monitoring durations for one of the 100 permeability realizations generated using conditional 529 

simulations. It can be seen that after the monitoring data assimilation is conducted, the 530 

permeability field is significantly updated (recovered). We can also see that the permeability field 531 

based on assimilating 10 years of monitoring data is much closer to the ground truth model than 532 
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the prior model. The entire model improvement/refinement over monitoring is quantified in Figure 533 

17. It is important to note that the extent of model improvement is dependent on the number of 534 

monitoring wells (refer to Figure 6).  535 

 536 

 537 

                           (a) Prior                                          (b) 3 years                                          (c) 10 years    538 

Figure 16: Model improvement over monitoring duration, realization 1, example 2. 539 

 540 

 541 

Figure 17: Boxplot of average absolute difference between calibrated models and the ground truth model over 542 
monitoring duration, example 2. Circles in the plot are the outliers; five horizontal lines from bottom to top in 543 
each boxplot, respectively, represent the minimum, the 1st quartile, the median, the 3rd quartile and the 544 
maximum of a distribution. 545 

 546 

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

cost for the data assimilation process using ES-MDA-GEO. The computational cost for the whole 548 
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process includes three parts: the time for the forward simulation runs based on the prior models, 549 

the time for the simulation runs in the data assimilation process, and the time for the forward 550 

simulation runs based on posterior (updated) models. Note that the forward simulations based on 551 

the prior models only need to be executed one time. In other words, if the forward simulations 552 

based on the prior models have been executed in the case with 3-year monitoring duration, then it 553 

is no longer required to execute the forward simulation runs based on prior models again in the 554 

case with 10-year monitoring duration. For the simulation of 3-year monitoring duration in the 555 

data assimilation process, it took about 0.7 hours for each simulation run using FEHM simulator. 556 

For the forward simulation of 60-year injection and post-injection period based on the prior models 557 

or the posterior models, each simulation run took about 6.7 hours. If all the required simulations 558 

are executed sequentially, it took about 6.7 × 100 + 0.7 × 100 × 4 + 6.7 × 100 = 1620 hours. 559 

The number ‘100’ denotes the ensemble size (i.e., the number of model realizations); ‘4’ denotes 560 

the number of data assimilation steps (i.e., 𝑁𝑁𝑎𝑎  in the pseudo-code). Due to the independent 561 

property of each ensemble for the ensemble-based method (i.e., ES-MDA-GEO), all the required 562 

simulations in each data assimilation step and all the simulations based on prior and posterior 563 

models can be executed in parallel. Based on our computational resources, we have 50 simulations 564 

executed in parallel. Thus, the actual time for the data assimilation process with 3-year monitoring 565 

duration is 1620/50 = 32.4 hours. Note that we can have at most 100 simulations executed 566 

concurrently since the ensemble size is 100, so the minimum time cost for this field-scale case 567 

with 3-year monitoring duration is 1620/100 = 16.2 hours. 568 

 569 

4.2.3 Uncertainty reduction analysis of CO2 saturation and pressure at monitoring wells 570 

In the uncertainty reduction analysis, uncertainty reduction in different predicted metrics including, 571 

the predictions of CO2 saturation and pressure at well locations, CO2 saturation/pressure plume 572 

area/mobility/spreading are computed for different monitoring durations (1, 3, 5, 10, 15 and 20 573 

years). First, the uncertainty reductions in the predictions of CO2 saturation and pressure at 574 

monitoring wells are analyzed. Figure 18 shows the history matches and predictions of pressure 575 

and CO2 saturation data at three monitoring well locations (M2, M3 & M5) after assimilating 3-576 

year monitoring data. Note that the total CO2 injection period is 10 years, and the post-injection 577 

duration is 50 years. We can see from Figure 18 that significant uncertainty exists in the pressure 578 
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data (see cyan lines) which are computed from the prior models (permeability realizations) in the 579 

first 10 years. A dramatic pressure decrease is observed after 10 years due to the fact that CO2 580 

injection ceases. From Figure 18, it can also be seen that the pressure and CO2 saturation data in 581 

the first 3 years are well matched. The uncertainty in the predictions of the pressure and CO2 582 

saturation data computed from posterior models (see blue lines) are much smaller than those 583 

computed from prior models (see cyan lines) after 3 years, especially for pressure data from year 584 

3 to year 10. Due to the fact that the CO2 saturation in injection well (M3) is equal to 1, thus no 585 

uncertainty in CO2 saturation measurements is observed in the injection well; see Figure 18(e).  586 

     587 

         588 

                 (a) Pressure, M2                                        (b) Pressure, M3                                       (c) Pressure, M5 589 

        590 

                  (d) CO2 saturation, M2                       (e) CO2 saturation, M3                        (f) CO2 saturation, M5 591 

Figure 18: Pressure and CO2 saturation data matches for first 3 years (before vertical black line) and 592 
predictions of 57 years at monitoring wells. Red lines indicate the history data; cyan curves indicate the data 593 
computed from prior models and blue curves indicate the data computed from posterior models. 594 

 595 

    The uncertainties in the predictions of CO2 saturation and pressure at each monitoring well at 596 

the end of the project (60 years) for different monitoring durations are shown in Figure 19. The 597 

purpose of this investigation is to show how longer monitoring durations reduce the uncertainties 598 

in the predictions of CO2 saturation and pressure at the end of 60 years. As can be seen from Figure 599 
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19(a), very little uncertainty exists in the predictions of CO2 saturation at the end of 60 years at the 600 

locations of monitoring wells M2, M3 and M4 (the saturations at these wells are equal to 1; see 601 

Figure 18(d) and 18(e) as examples), and a small amount of uncertainty remains in prediction of 602 

CO2 saturation at wells M1 and M5 (see Figure 18(f) for M5). While there is not much uncertainty 603 

to reduce in the predictions of CO2 saturations at the monitoring well locations at the end of 60 604 

years by assimilating monitoring data, it is critical to increase confidence in model predictions. 605 

From Figure 19(b), we can see that most of the uncertainty in pressure data at all the monitoring 606 

well locations at the end of 60 years is reduced within the first 10 years. However, the maximum 607 

uncertainty reduction (about 0.04 MPa) is still not significant. 608 

 609 

         610 

                              (a) Uncertainty of CO2 saturation                                   (b) Uncertainty of pressure 611 

Figure 19: Uncertainty of CO2 saturation and pressure changing over monitoring time at monitoring wells. 612 

 613 

4.2.4 Uncertainty reduction analysis of CO2 saturation and pressure at legacy wells 614 

In the above analysis, we have analyzed the uncertainty reduction in CO2 saturation and pressure 615 

at the monitoring well locations. For overall risk assessment it is important to effectively predict 616 

saturation and pressure at legacy wells (N1, N2 and N3 in Figure 14) especially the ones which 617 

are plugged and abandoned. Next, we will investigate how the uncertainties in the predictions of 618 

CO2 saturation and pressure at the legacy wells change with assimilation of monitoring data. We 619 

predict pressure and saturation at different times at legacy well locations by running forward 620 

simulations using the reservoir models that are iteratively updated through monitoring data 621 

assimilation.  622 
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         623 

                      (a) Pressure, N1                                    (b) Pressure, N2                                    (c) Pressure, N3 624 

       625 

             (d) CO2 saturation, N1                          (e) CO2 saturation, N2                           (f) CO2 saturation, N3 626 

Figure 20: Prediction of pressure and CO2 saturation in 60 years at the legacy well based on a 3-year monitoring 627 
duration. The cyan lines correspond to the prior models; the blue lines correspond to the posterior models; the 628 
red line corresponds to the ground truth model. 629 

 630 

Figure 20 shows the predictions of pressure and CO2 saturation at the legacy well locations over 631 

60 year duration. The cyan lines correspond to the calculation based on the prior (pre-injection) 632 

models, while the blue lines correspond to the posterior models based on the 3-year monitoring 633 

duration. The red line corresponds to the calculation based on the ground truth model, and it is 634 

used for comparison of performance. As can be seen, the uncertainty in the prediction of pressure 635 

based on the posterior models (see blue lines in Figure 20(a), (b) and (c)) is significantly smaller 636 

than that based on the prior models (see cyan lines in Figure 20(a), (b) and (c)). However, the 637 

uncertainty reduction in CO2 saturation is not as significant as that in the pressure data. This is due 638 

to the fact that the pressure changes travel much farther in the reservoir compared to saturation. 639 

For example, it can be seen that the CO2 saturation plume does not reach at the monitoring wells 640 

M1, M2 and M5 at the end of year 3. Thus, there is little information available from CO2 saturation 641 

measurements at these locations for updating the reservoir models. Though no CO2 breakthrough 642 

is also a ‘0’ data point and it needs to be matched by the models, this doesn’t mean that the “0” 643 

data points provide significant value for model updating. However, as the monitoring duration 644 
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increases from 3 to 10 years, movement of CO2 plume over increased duration does lead to 645 

observable changes at monitoring well locations which can lead to reducing the uncertainty in the 646 

predictions of CO2 saturation; see Figure 21. 647 

 648 

         649 

                             (a) N1                                                     (b) N2                                                   (c) N3 650 

Figure 21: Prediction of CO2 saturation in 60 years at the legacy well based on a 10-year monitoring duration. 651 
The cyan lines correspond to the prior models; the blue lines correspond to the posterior models; the red line 652 
corresponds to the ground truth model. 653 

 654 

         655 

                                   (a) Uncertainty of pressure                                (b) Uncertainty of CO2 saturation 656 

Figure 22: Uncertainty of CO2 saturation and pressure as a function of monitoring duration at legacy wells. 657 

 658 

The uncertainties in the predictions of CO2 saturation and pressure at each legacy well at the 659 

end of the project (60 years) after assimilating monitoring data for different durations are shown 660 

in Figure 22. It can be observed from Figure 22(a) that the uncertainty in the prediction of pressure 661 

decreases with the increase of monitoring duration for the three legacy wells. Most of the 662 

uncertainties in the prediction of pressure at legacy wells are reduced after assimilating the first 15 663 
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years of monitoring data. However, the maximum uncertainty reduction in the pressure is less than 664 

0.04 MPa which even though is not significant by itself, it is significant when considering the 665 

initial amount of uncertainty in pressure. We can see from Figure 22(b) that there is little to no 666 

uncertainty in the prediction of CO2 saturation at the end of 60 years at the legacy well N1. This 667 

is because the location of N1 is very close to the injection well, the CO2 saturation values calculated 668 

from the posterior models are very close or equal to 1 at the end of 60 years at N1 (see Figure 669 

21(a)). The uncertainty in the prediction of CO2 saturation at N3 is small, which can be easily 670 

explained by the saturation distribution at the end of 60 years; see the cyan lines at the end of 60 671 

years in Figure 21(c). This small uncertainty can be reduced by only assimilating 1 year of 672 

monitoring data. Significant reduction in the uncertainty in the prediction of CO2 saturation at N2 673 

is observed after assimilation of 10-year monitoring data. However, a small increase of the 674 

uncertainty in the prediction of CO2 saturation at N2 is observed after assimilating 15-year 675 

monitoring data, which indicates that increased assimilation of monitoring data does not always 676 

lead to reduced uncertainty in quantities such as pressure/saturation at legacy wells that are not 677 

directly conditional to any history data. Theoretically, if a quantity is directly conditional to history 678 

data, then increased assimilation of monitoring data can help to reduce the uncertainty in 679 

predictions or forecasts of this particular quantity. However, if a quantity is not directly conditional 680 

to any history data (such as CO2 saturation data at legacy well), one cannot always guarantee more 681 

uncertainty reduction in the predictions, and the observations from point properties such as CO2 682 

saturation at legacy wells and averaged properties such as CO2 saturation plume area (which will 683 

be discussed later) have demonstrated this. 684 

 685 

4.2.5 Uncertainty reduction analysis in plume stability metrics over monitoring duration 686 

In addition to the changes in reservoir pressure and saturation, it is also important to take into 687 

consideration evolution of CO2 saturation and pressure plumes and different metrics that capture 688 

plume evolution including plume area, mobility of plume centroids, and spreading of plumes. Harp 689 

et al. (2019) have developed different quantitative metrics to capture the plume evolution. Figure 690 

23 shows the change of the predictions of pressure and CO2 saturation plume areas over monitoring 691 

durations (0 and 3 years). From Figure 23(a), we can see that there is large uncertainty in the 692 

prediction of pressure plume area during the injection period (the first 10 years), while large 693 
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uncertainty in the prediction of CO2 saturation plume area occurs during the post-injection period. 694 

It can be observed from Figure 23(b) that the uncertainties in the predictions of pressure plume 695 

area during the injection period and CO2 saturation plume area during the post-injection period are 696 

significantly reduced after assimilating 3 years of monitoring data.  697 

 698 

 699 

(a) Pressure plume area (left) and CO2 saturation plume area (right), prior models 700 

 701 

(b) Pressure plume area (left) and CO2 saturation plume area (right), 3 years monitoring data 702 

Figure 23: The change of the predictions of pressure and CO2 saturation plume areas over monitoring 703 
durations. In these figures, blue lines stand for the pressure plume area over time; green lines represent the 704 
CO2 saturation plume area over time; green areas indicate the CO2 injection period. 705 

 706 
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 707 

Figure 24: Uncertainty in the prediction of CO2 saturation plume area at the end of the project as a function of 708 
monitoring duration. 709 

 710 

    Figure 24 shows the uncertainty in the prediction of CO2 plume area at the end of 60 years for 711 

different monitoring durations. It can be observed that the uncertainty in the prediction of CO2 712 

saturation plume area decreases with increases in monitoring duration, but most of the uncertainty 713 

is reduced after assimilation 5 years of monitoring data. We also see slight increase in uncertainty 714 

after assimilating 20-year monitoring data, which can be explained by the same reason (i.e., 715 

increased assimilation of monitoring data does not always lead to reduced uncertainty in quantities 716 

that are not directly conditional to any history data) for the observation of uncertainty increase in 717 

the prediction of CO2 saturation at year 15 at the legacy well N2 (see Figure 22(b)). The 718 

uncertainties in the predictions of pressure/CO2 saturation plume mobility and spreading are also 719 

investigated. We see that the uncertainties in the predictions of these quantities are observed only 720 

in the early stage (within the first year) and assimilation of early stage monitoring data will help 721 

reduce this early stage uncertainty (figures are not shown in this paper).  722 

    It should be noted that the plume stability metrics discussed here reflect average quantities over 723 

an area or volume. While there can be large uncertainty in the permeability distribution, it does 724 

not lead to similar scale of uncertainty in averaged quantities. This is reflected in uncertainties 725 

computed for the different plume stability metrics mentioned above. Similarly, we do not observe 726 

similar effect of assimilating monitoring data on reducing the uncertainty in plume stability metric 727 

as that in quantities such as pressure and saturation at well locations.  728 

 729 



33 
 

Conclusions 730 

In this study, data assimilation and uncertainty reduction analysis in geologic CO2 sequestration 731 

have been performed. Geostatistical conditional simulations were used to incorporate the data 732 

collected from characterization wells into the generation of prior (pre-injection) site geologic and 733 

reservoir models. To assimilate the data collected from monitoring operations and generate 734 

posterior models conditional to monitoring data, a recently developed data assimilation approach, 735 

ES-MDA-GEO, has been applied. Based on the prior and posterior (updated) models, the 736 

uncertainty reductions in predictions of different quantities such as CO2 saturation and pressure, 737 

plume areas, plume centroid velocity and plume spreading metrics have been computed after 738 

assimilation of monitoring data to investigate how assimilating monitoring data over different 739 

monitoring durations affects the uncertainty reduction in predicted quantities. The results have 740 

been demonstrated with two examples: a synthetic example and an example based on data collected 741 

at the Rock Springs Uplift site in Wyoming. The following conclusions can be drawn from this 742 

study: 743 

• The ensemble-based algorithm, ES-MDA-GEO, can be used to effectively assimilate the 744 

data collected from the monitoring operation of CO2 storage. Due to the independent 745 

property of each ensemble for the ensemble-based method, all the required forward 746 

simulations in each data assimilation step can be executed in parallel (i.e., concurrently), 747 

thus the use of ES-MDA-GEO is also efficient. 748 

• The uncertainty reduction analysis approach can be applied to quantify the amount of 749 

uncertainty reduction in different quantities including different risk metrics, which can 750 

ultimately guide the determination of what is the effective monitoring duration to reduce 751 

the uncertainties in predictions of different metrics including long-term risks.  752 

• The reservoir models can be significantly improved/refined with repeated assimilation of 753 

monitoring data, but the extent of model improvement is dependent on the number of 754 

monitoring wells. 755 

• Assimilation of monitoring data can significantly reduce the uncertainties in predictions 756 

including during the post-injection period. The amount of reduction depends on the 757 

predicted quantities (e.g., pressure/CO2 saturation) and locations (e.g., M1, M2…, M5 and 758 

N1, N2, N3 at RSU site) at which predictions are made. 759 
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• More data acquired from monitoring wells cannot always guarantee more uncertainty 760 

reduction in the prediction of quantities (for example, point properties such as CO2 761 

saturation at legacy wells or averaged properties such as CO2 saturation plume area) that 762 

are not directly conditional to any history data. 763 

    It is important to note that in this study we only considered the quantities such as CO2 saturations, 764 

pressures and their respective plume metrics. The same approach can be applied to assess the 765 

effectiveness of monitoring and monitoring duration to reduce uncertainty in risk metrics such as 766 

CO2/brine leakage rates through legacy wells and groundwater aquifer impact (TDS/pH plume 767 

size) of CO2/brine leaks and improve long-term leakage risk predictions. Quantification of 768 

uncertainty reduction in wellbore leakage rates and groundwater aquifer impact in legacy wells 769 

requires the use of quantitative approaches such as integrated assessment model (IAM) which 770 

couples the reservoir model, wellbore model and aquifer model, which will be the focus of future 771 

research. 772 
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