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A Metric for Evaluating Conformance Robustness During Geologic CO21

Sequestration Operations2

Dylan R. Harpa,∗, Curtis M. Oldenburgb, Rajesh Pawara3

aEarth and Environmental Sciences Division, Los Alamos National Laboratory, Los Alamos, NM, 875444

bLawrence Berkeley National Laboratory, Berkeley, CA, 947205

Abstract6

A metric for quantifying the robustness of a designation of conformance of a geologic CO2 sequestration

(GCS) project during its operational phase is developed and demonstrated. Conformance in this context

is a measure of the degree to which the sequestration system is understood and can be accurately modeled

along with the degree to which the storage system is performing as designed. The robustness of confor-

mance quantifies the degree to which parameter values can deviate from their current nominal estimates

and still produce model forecasts that meet the performance criteria for the GCS operation. We develop

and demonstrate the approach on a simplified scenario to illustrate the concept using a single uncertain

parameter (homogeneous reservoir permeability) and a single performance criterion (critical pressure at a

monitoring well in the reservoir; i.e., one that may displace brine from the reservoir to an overlying drinking

water aquifer for example). Increased confidence in conformance assessment as more monitoring data are

obtained is incorporated through the standard error of the coefficient (reservoir permeability in the case

presented here), which we designate as the concordance metric. As more monitoring data become available

during the course of the GCS operation, the standard error of the coefficient decreases (in general), thereby

leading to increased conformance robustness as a larger deviation from nominal is required to fail to meet

performance criteria. Increasing conformance robustness over time builds confidence that a GCS project

will continue to meet performance criteria during the life-span of the project, thereby supporting designa-

tions of conformance. A lack of conformance robustness provides a critical warning that the performance

criteria of the GCS operation are not robust against probabilistic and non-probabilistic uncertainty in model

conceptualization and/or model parameters.
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1. Introduction8

A successful geologic CO2 sequestration (GCS) operation will result in long-term storage of CO2 with9

acceptably low or no measurable impacts to health, safety, the environment, or existing resources. Beyond10

the impacts of failed storage, factors that can lead to an unsuccessful GCS operation include lower (or11

possibly higher) than anticipated reservoir permeability and/or porosity or unanticipated reservoir compart-12

mentalization leading to an inability to inject a desired quantity of CO2, and excessive pressure build-up13

leading to unwanted fracturing or induced seismicity (Sminchak et al., 2001; Lucier et al., 2006; Cappa and14

Rutqvist, 2011; Dempsey et al., 2014). These GCS operation failures can result in releasing CO2 back to the15

atmosphere (negating the purpose of GCS) (Lewicki et al., 2007), contaminating resources such as overlying16

hydrocarbon reserves and shallow aquifers (Keating et al., 2010; Little and Jackson, 2010; Trautz et al., 2012;17

Navarre-Sitchler et al., 2013; Bacon et al., 2016; Keating et al., 2016), and damage to public perception of18

GCS (Palmgren et al., 2004; Curry et al., 2005; Miller et al., 2007; Wilson et al., 2008; Elliot et al., 2012).19

One of the keys to ensuring a successful GCS operation (or the mitigation of a failed GCS operation)20

is monitoring. Refer to Harbert et al. (2016) for an extensive review of GCS monitoring strategies and21

approaches. The value of monitoring data in assessing the performance of GCS operations cannot be over-22

stated. However, direct measurements of pressures, CO2 saturations, pH, etc. are necessarily sparse due23

to the large areas of concern associated with GCS operations and the expense associated with developing24

monitoring wells. Although indirect measurements, such as seismic monitoring data and other geophysical25

survey data, can provide more continuous spatial coverage, they are highly uncertain and affected by many26

factors requiring expert interpretation.As a result, the data in and of themselves are not sufficient to establish27

confidence in GCS operational performance. Models are used to fill the gaps in understanding of system28

performance that would otherwise be based on observational data alone.29

Fully utilizing the information produced with a monitoring program requires a formal approach to in-30

tegrate monitoring data into models in a manner that provides indications of the risks associated with the31

GCS operation. While there are many existing GCS related publications describing and demonstrating32

alternative monitoring techniques (Cheng et al., 2010; Dafflon et al., 2012; Doetsch et al., 2013; Lin and33

Huang, 2015), uncertainty quantification approaches (Sun et al., 2013; Trainor-Guitton et al., 2013; Harp34

et al., 2017), and data assimilation approaches (Kumar, 2010; Chen et al., 2018), there are few examples35

describing how to incorporate monitoring data as it becomes available during a GCS operation to support36

designations of conformance. Bielicki et al. (2016) present an approach to quantify the monetized leakage37

risk of GCS operations, including the impact of remediating leaks, but the approach is intended to evaluate38
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potential sites, not assimilate monitoring data during a GCS operation. One of the few existing examples39

is Chadwick and Noy (2015) who demonstrate that as more seismic data is collected and used to refine40

models, conformance can be demonstrated as the models are able to predict new data more accurately. In41

this paper, we discuss how data and modeling can be coupled to support robust designations of conformance42

in GCS operations. The approach uses a similar decision analysis as in Harp et al. (2017), which proposed43

an approach to select a GCS pressure management strategy, but in this case applies and extends the decision44

analysis to designations of conformance over the course of the GCS operation.45

2. Background and Definitions46

The term conformance has many different meanings in different contexts (Oldenburg, 2018). One defini-47

tion pertains to a regulatory designation indicating that a GCS operation is performing and will continue to48

perform within acceptable levels of risk and within the bounds of its permit and related legal requirements.49

As such, a GCS operation can only be deemed to be in conformance by a regulator. And yet we have observed50

that the term conformance is used more broadly in the GCS community as a metric of understanding of the51

system as demonstrated by agreement between models and monitoring data, along with performance of the52

system (Chadwick and Noy, 2015; Oldenburg, 2018). The first component of conformance is quantified by53

the similar term concordance which is a measure of the coherence of modeling results with observed data54

(e.g., agreement between modeled and measured pressures). The second part of conformance is quantified by55

performance, which indicates whether or not the GCS operation is meeting design expectations (i.e., meeting56

performance criteria). Performance criteria can include ensuring that a desired quantity of CO2 is injected,57

plume stability or migration is as expected (established through measurements of pressure, CO2 saturation58

or geophysics), levels of induced seismicity related to CO2 injection are acceptable, or that CO2 or brine59

leakage are not occurring (Harp et al., 2017).60

To illustrate these terms, in Figure 1 we present a graphic modified slightly from Oldenburg (2018)61

showing how observational data and history matching are used to quantify concordance, and how concordance62

plus performance leads to conformance as we use the term here. As shown, observations and history matching63

are inherently based on the past, while forecasts can be made using models including forecasts of performance.64

As shown, concordance plus a forecast of continued performance combine to make a forecast of conformance.65

While concordance metrics are important model diagnostic tools, they can only indirectly support desig-66

nations of conformance by building confidence that we understand the past behavior of the system. On the67

other hand, performance metrics are crucial in directly supporting determinations of conformance. While68
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Figure 1: Graphical illustration of key terms and their meanings relative to conformance as used in this paper, along with
temporal context.
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past performance is important, projections (i.e., forecasts) of future performance are critical for building69

confidence in GCS operations and thereby allowing a forecast of conformance (Oldenburg, 2018). However,70

uncertainty in projections of future performance must be considered in a conformance analysis. In this71

paper, we demonstrate how goodness-of-fit metrics (e.g., the standard error of the coefficient) derived from72

a concordance evaluation can be used to quantify the uncertainty in future projections of performance. We73

present a conformance robustness metric that couples concordance and future performance as illustrated in74

Figure 1. The conformance robustness quantifies the ability to be incorrect in our current understanding of75

the system and still meet performance criteria in the future. In other words, we know that our model will be76

incorrect or deficient to some degree. As a result, we want to know how incorrect can our model be (how far77

can our nominal estimates of the system deviate from the actual system) and the GCS operations can still78

be considered to be performing as good (or better) than designed. Nominal estimates of the system (prop-79

erties, boundary or initial conditions, etc.) can be based on expert opinion, deduced from measurements,80

or a combination of the two. They are the current best guess and the values that would be used to make a81

decision today given the currently available data.82

Our conformance robustness analysis approach utilizes concepts from information gap decision theory83

(IGDT) (Ben-Haim, 2006). IGDT provides a formal approach to quantify the robustness of alternative deci-84

sions, where robustness captures the ability for nominal estimates to deviate from actual values and yet still85

meet performance criteria. IGDT captures non-probabilistic uncertainty due to gaps in information and/or86

understanding through set-based uncertainty models in which the level that our model can be incorrect87

(e.g., poor conceptual model or inaccurate parameter estimates) has no limit. Our conformance robustness88

metric incorporates probabilistic uncertainty into the IGDT analysis in the form of the standard error of the89

coefficient, thereby allowing the analysis to consider both probabilistic and non-probabilistic uncertainty. In90

other words, uncertainties beyond probabilistic uncertainty (i.e., surprises, unanticipated events, incorrect91

conceptual model, etc.) can be considered in the conformance robustness metric. We feel that accounting for92

occurrences beyond probabilistic uncertainty when evaluating conformance is important because failures will93

likely be caused by unanticipated incidents, not by well-characterized and understood uncertainties. This is94

not to imply that our conformance robustness metric will predict unforeseen or unanticipated events, but95

that the metric will consider incidents beyond well-characterized probabilistic uncertainty captured by the96

standard error of the coefficient.97

The need to consider inaccurate conceptual models and events beyond anticipation is motivated by98

considering two CO2 sequestration projects, Snøhvit and In Salah. At Snøhvit upon initial injection, there99
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was higher than anticipated pressurization of the target injection interval (Grude et al., 2014). At In Salah100

following several years of injection, there was faster-than-expected CO2 flow from an injector to a well with101

a damaged wellhead (Oldenburg et al., 2011; White et al., 2014). Both of these cases are examples where102

the conceptual models upon which the injection design was based were flawed, leading to poor performance103

and an unanticipated incident during CO2 injection. In the case of Snøhvit, a backup plan to inject into an104

alternative interval was implemented which remedied the situation.105

At Snøhvit, a conformance robustness analysis would have been able to consider the implications on106

performance criteria of lower-than-anticipated injectivity into the Tub̊aen formation and motivate more107

data collection to reduce uncertainty in injectivity and potentially avoid injection into the Tub̊aen at this108

particular location. At In Salah, a conformance robustness analysis would have been able to consider the109

effects of higher than expected permeability between the injection well and the damaged well. If such a110

scenario had been anticipated, perhaps the damaged well would have been used as an official observation111

well to monitor for the possibility of the high-permeability pathway, which could have possibly avoided the112

problem of the wellhead hardware being unlawfully removed and thereby damaging the wellhead.113

The conformance robustness analysis framework presented here allows such inaccurate conceptual models114

and unanticipated events to be considered. When a formal consideration of the possibility of unanticipated115

events to occur and an evaluation of how robust a design is to accommodate their occurrence while still116

allowing the system to perform acceptably, it is expected that decisions about operations can be made to117

adjust to the new information. In many cases, the need for decision support extends far beyond optimizing118

operations to ensuring that operations continue when unanticipated events occur.119

Implied in a designation of conformance is the condition that the details of the GCS system are understood120

(e.g., pressures in the reservoir, extent of CO2 plume, etc.). While it is not possible to quantitatively establish121

that future predictions of the system will be accurate, concordance, which is inherently based on observations122

and therefore based on hindsight, builds confidence in our understanding of the past behavior of the system.123

The degree to which we understand the system is idealized here in our simple example case study as the124

current standard error of the coefficient (reservoir permeability parameter estimate in this case), but in125

practice would likely be more complicated involving conceptual model variations, etc., as opposed to simple126

parameter updating.127

While how well the past behavior of the system is understood is a primary consideration in conformance,128

it is not sufficient for establishing conformance robustness. Establishing robustness requires that we consider129

the implications that our understanding of the system is flawed, incorrect, or in some way deficient. Of course,130
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uncertainty can work both to the detriment and to the advantage of GCS system performance. Consider the131

case where our understanding of the system is flawed in a way that leads to meeting performance criteria at132

levels greater than expected (more CO2 can be injected, pressures are less than anticipated, etc.). In this133

case, our understanding of the system is flawed, but the GCS operation is still performing well and meets134

criteria for a forecast of conformance. However, the pernicious side of uncertainty (e.g., unexpected induced135

seismicity occurs, the CO2 plume encounters an unknown legacy well and contaminates a shallow aquifer,136

etc.) leads towards failing to meet GCS operational performance criteria. The conformance robustness137

metric described below focuses on the pernicious side of uncertainty which goes beyond our confidence in138

how well we understand the past behavior of the system. In other words, the conformance robustness analysis139

is performed on top of the conformance analysis, and can be considered a type of sensitivity analysis of the140

conformance.141

3. Approach142

To describe our approach, we start with a description of the synthetic GCS scenario that we use to143

demonstrate the approach. We then define the components of the conformance robustness analysis, including144

the (1) system model, (2) uncertainty model, (3) concordance metric, and (4) performance criterion. Finally,145

we present our conformance robustness metric derived from these components.146

3.1. Synthetic GCS scenario147

In order to focus attention on the details of the conformance robustness metric, we use a simplified148

CO2 sequestration scenario sketched in Figure 2. The scenario involves injecting CO2 into a homogeneous149

reservoir at 950 m depth overlain by an impervious caprock layer. The geothermal gradient is assumed to be150

0.03oC/m, a typical value for North America, and the average ground surface temperature is assumed to be151

20oC, resulting in 48.5oC at the top of the reservoir. The average ground surface pressure is assumed to be152

0.1 MPa and the hydraulic gradient is assumed to be a typical value of approximately 9.78 kPa/m, resulting153

in a pressure at the top of the reservoir of 9.4 MPa. Based on these conditions, the density of the super-154

critical CO2 in the reservoir would be approximately 328 kg/m3 (Linstrom, 2003). Scenarios where CO2 is155

injected at a constant rate of 0.75, 1.0, and 1.25 Mt/y are considered. A well is monitoring pressure in the156

radially symmetric storage reservoir at approximately 141 m from the injection well. While at any time there157

is a best-fit approximation of the homogeneous reservoir permeability, its value is uncertain and the primary158

(only) source of uncertainty in our scenario. While the model is extremely simple in this demonstration so159

7



789
+,:;<*+",$
=;&&

>.;##?.;$

(",+*".+,@$
=;&&

7'A."<B

C;#;.D"+.
789

7'7'7'7'7'7'7'7'7'7'7'7'7'7'7'A.A.A.A.A.A.A.A.A.A.A.A.A.A."<"<"<"<"<"<"<"<"<"<"<"<"<"<BBBBBBBBBBBB

>;.(;'-+&+*/$FBG$+#$?,<;.*'+,

2M2$(

63$(

063$($H;;A

Figure 2: Schematic of synthetic CO2 sequestration scenario (not to scale).

that we can focus on the details of the conformance robustness approach, the approach can easily be applied160

to more complex and realistic models.161

3.2. System model162

We simulate pressures at the monitoring well using a semi-analytical solution of reservoir pressures (Celia

et al., 2011) as implemented in NRAP-Open-IAM (King et al., 2018), a framework being developed within

the US Department of Energy to evaluate risks associated with GCS. However, the use of this model is not

a requirement of the approach, and any other model of reservoir pressures with permeability as an input

parameter could be used. The system model in our analysis is defined as the current maximum predicted

pressure at the monitoring well defined as

PF,max(k) = max
i∈M−N

PN+i(k), (1)

where k is the uncertain reservoir permeability, N is the current number of collected measurements, and M163

is the total number of measurements that will ultimately be collected during the GCS operation.164

3.3. Concordance metric165

As stated above, concordance metrics quantify the level of coherence between measured and modeled

quantities, such as pressures, temperatures, resistivities, concentrations, saturations, etc. Many forms of

concordance metric exist, including root-mean-squared error (RMSE), sum-of-squared error (SSE), and co-

efficient of determination (R2). As each new measurement is obtained, the concordance metric can be up-
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dated. Specifically, in our simplified demonstration here, as each new measurement is obtained, the reservoir

permeability is re-estimated using all the currently available measurements. We use a Levenberg-Marquardt

optimization scheme (Marquardt, 1963), a least-squares gradient-based inverse approach, to re-estimate the

reservoir permeability. We use the standard error of the coefficient (reservoir permeability parameter esti-

mate) as our concordance metric defined as

σc =
√
σ2
e(J′J)−1 =

√∑N
i=1(Pi − P̂i)2

N − 1
(J′J)−1, (2)

where σe is the standard error of the estimate (standard error of the simulated past pressures to the pressure166

measurements), N is the number of measurements, Pi is the ith measured pressure at the monitoring well,167

P̂i is the ith modeled pressure at the monitoring well, and J is the Jacobian matrix (matrix of derivatives168

of pressure observations with respect to parameters), where the (J′J)−1 term in Equation 2 is a linear169

approximation of the covariance matrix. The standard error of the coefficient will decrease over time as more170

pressure measurements become available, indicating increased confidence in the inference of the reservoir171

permeability, and hence, increased confidence in the predictions of the system model. Therefore, increased172

concordance is quantified by decreasing values of the standard error of the coefficient, referred to as the173

concordance metric here.174

While similarities can be drawn between the parameter and standard error of the coefficient updating de-175

scribed above and Bayesian inference, it is important to note that the approach above is not truly Bayesian.176

The approach instead utilizes non-linear regression (Levenberg-Marquardt) to update the permeability coef-177

ficient and a linear approximation of the covariance matrix to estimate the standard error of the coefficient.178

There is no implementation of Bayes’ Law in the formulation. However, a Bayesian inference scheme could179

be utilized here to derive a concordance metric with little or no change to the rest of the conformance180

robustness analysis approach.181

3.4. Performance criterion182

We assume that the performance criterion of interest in our synthetic scenario is that pressures not exceed

a critical value at the monitoring well. At any time during the injection, while we will know past pressure

measurements (and if the GCS operation has been meeting performance criteria in the past), we will not

know whether or not future pressure measurements will exceed the critical value. Therefore, our performance

criterion is defined as

PF,max(k) < Pc, (3)
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where PF,max is the system model defined in Equation (1), and Pc is the critical pressure. The critical pressure183

threshold can be considered to be the pressure above which expert opinion based on site-specific information184

has deemed that the risk of induced seismicity and/or abandoned wellbore leakage are unacceptable for the185

GCS operation. In other cases, the critical pressure may be defined by regulation, for example Class-VI Area186

of Review criteria in the United States that sets the area in which leakage of brine or CO2 may endanger an187

underground source of drinking water. In the analyses presented here, we choose representative values for Pc188

to demonstrate the conformance robustness analysis without considering or contriving the details that would189

be required to select this value in practice. In fact, multiple performance criteria are likely to be required190

to ensure satisfactory performance of a GCS operation (Chadwick and Noy, 2015), and multiple criteria can191

be accommodated within the IGDT framework (Harp et al., 2017).192

3.5. Uncertainty model193

IGDT utilizes set-based uncertainty models, as opposed to distribution-based uncertainty models used

in probabilistic analyses. In our case, the uncertainty model is defined as

U(h) =

{
k : 0 ≤ log10(k̃)− log10(k)

σc
≤ h

}
, h ≥ 0, (4)

where k̃ is the nominal (least-squares fit) reservoir permeability, σc is the standard error of the coefficient194

defined as the concordance metric above (Equation (2)), and h is referred to the as the horizon of uncertainty195

and defines the threshold for nested sets of increasing deviation of reservoir permeability from nominal196

(normalized by the current standard error of the coefficient). As h increases, larger deviations from nominal197

are included in the set (in units of standard errors of the coefficient), and thereby more uncertainty is198

considered. The value of h is not selected, but can instead be varied to investigate the repercussions of199

different levels of deviation from nominal. Utilizing Equation 4 within IGDT involves ensemble evaluations200

of the system model for different levels of h to identify the maximum and/or minimum quantity of interest201

(pressure at the monitoring well in this case).202

As discussed above, in general, as more measurements are obtained, the value of standard error of the203

coefficient will decrease. Dividing the deviation from nominal log permeability (numerator in the center of204

the inequality in Equation (4)) by the standard error of the coefficient captures the increased confidence205

in the nominal (least-squares estimated) permeability as more measurements are obtained. In other words,206

in this uncertainty model, the range of permeability included in one unit of uncertainty (h) decreases (in207

general) as the estimate of the permeability improves.208
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Figure 3: Schematic of set-based uncertainty model expressing uncertainty around a nominal estimate of reservoir permeability
using nested sets defined by the horizon of uncertainty h.

In Figure 3, we provide a schematic representation of the uncertainty model (Equation (4)). Unlike209

probabilistic models of uncertainty, the frequencies/probabilities of the occurrence of all events are not210

defined and there is no upper limit on the horizon of uncertainty (h is unbounded). Set-based uncertainty211

models, such as Equation (4), describe cases where we have a good idea of a nominal value (i.e., the value212

that we would use if we had to make a decision today); however, given a lack of information, deviations from213

nominal are expected. The lack of information also precludes the ability to assign probabilities of occurrence214

of all potential events (i.e., reservoir permeabilities in our example) or provide definite limits for the potential215

magnitude of deviations from nominal.216

Bayesian approaches utilize expert knowledge to define prior probabilistic distributions in order to fill217

the gap left in the available data. While this approach is widely used (Varis and Kuikka, 1997; Johnson218

et al., 2010; Kuhnert et al., 2010), confidence in these analyses can be undermined by the heuristics and219

biases known to exist during expert elicitation of the probability of events (Tversky and Kahneman, 1974;220

Kynn, 2008; Morgan, 2014). Due to the sensitivity of Bayesian analyses to the choice of prior distributions221

(Berger, 1990; Lambert et al., 2005; Lopes and Tobias, 2011; Müller, 2012), the lack of well-informed prior222

distributions can limit the confidence that can be placed on the results of such analyses. Robust Bayesian223

approaches (Berger, 1990; Insua and Ruggeri, 2012) have been developed to deal with this, but they require224

a sensitivity analysis of alternative prior distributions entailing multiple Bayesian analyses which are often225

computationally infeasible for analyses of complex systems, such as GCS operations. Because failures of226

GCS operations will likely be due to events beyond anticipation (e.g., pressure or CO2 plume encountering227

an unknown abandoned wellbore or fault), set-based uncertainty models attempt to capture the potential228

for events beyond anticipation (i.e., the horizon of uncertainty has no upper bound). This is not to say that229
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unanticipated events are explicitly considered, but that the horizon of uncertainty has not limit, and can230

consider deviations from nominal to totally unanticipated. IGDT is an important alternative approach for231

GCS due to the often-limited data availability at GCS sites and the expense associated with additional data232

collection.233

A unique feature of our non-probabilistic uncertainty model is that it incorporates a probabilistic statistic,234

the standard error of the coefficient, as a normalization factor. This allows the uncertainty model to capture235

the increased probabilistic confidence in the parameter estimate while the uncertainty model can still consider236

non-probabilistic uncertainty beyond the envelope of probabilistic uncertainty.237

3.6. Conformance robustness metric238

The conformance robustness metric requires four components: (1) the system model (Equation (1)), (2)

the concordance metric (Equation (2)), (3) the performance criterion (Equation (3)), and (4) the uncertainty

model (Equation (4)), all defined in the subsections above. Based on these components, the conformance

robustness is derived as a robustness function from IGDT as

ĥ(Pc, θ) = max

h :

(
max

k∈U(h)
PF,max(k)

)
≤ Pc

 , (5)

where θ is a vector of GCS operational decisions (e.g., CO2 injection rate, brine extraction rate) and all the239

other variables have been defined above. Evaluation of the term within the round brackets (maxk∈U(h) PF,max(k))240

requires ensemble evaluations of the system model (PF,max(k), Equation 1) sampling over the uncertainty in241

the reservoir permeability according to the uncertainty model for different values of h (i.e., k ∈ U(h)). Based242

on these ensemble evaluations, values of the conformance robustness metric are determined by identifying the243

maximum value of h associated with an ensemble where none of the predicted pressures exceed the critical244

pressure Pc, as required by Equation 3. In plain language, the conformance robustness (Equation (5)) quan-245

tifies how wrong can the nominal estimate of reservoir permeability be and still not have future measurements246

exceed the critical pressure at the monitoring well. This is accomplished through the maximization of h as247

defined by Equation 5.248

The uncertainty model (Equation (4)) quantifies deviation from nominal reservoir permeability in units249

of the current standard error of the coefficient. Of course, this does not account for the noise in the measure-250

ments, or assumes that the noise is simply Gaussian measurement error and that the least-square predictions251

are accurate representations of future reservoir pressures. Lower, non-zero values of conformance robustness252

are still potentially risky as they are still within the range of the probabilistic uncertainty of the reservoir253
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(a) (b)

Figure 4: Subfigure (a) is a plot of decreasing least-square standard errors of the coefficient (i.e., the concordance metric) as
more pressure measurements are obtained over time. Subfigure (b) is a plot of the least-squares permeability estimate (circles)
and least-squares standard errors of the coefficient (vertical bars) as more measurements are obtained over time. In subfigure
(b), the dashed horizontal line is the synthetic true reservoir permeability.

permeability estimate. However, our analysis is not limited to only consider probabilistic uncertainty, and254

we are therefore able to quantify the conformance robustness for events well beyond what would be included255

in probabilistic uncertainty alone (i.e., events beyond anticipation or conceptual model inadequacies). In our256

results, we indicate the portions of the conformance robustness curves associated with 1, 2, and 3 standard257

errors of the coefficient (log permeability parameter estimate) from nominal, and propose that confidence in258

conformance is achieved at higher values of robustness beyond the envelope of probabilistic uncertainty (con-259

sidered as three standard errors of the coefficient here (99.7 % of the probabilistic uncertainty)). The larger260

the allowable deviations from nominal beyond probabilistic uncertainty, the more robust is the conformance.261

4. Results262

In order to demonstrate the conformance robustness analysis, we generated synthetic pressure measure-263

ments using the same analytical solution used for the system model given a true reservoir permeability of264

1×10−11 m2 and added Gaussian noise with 0.5 MPa standard deviation to the pressures. The conformance265

robustness analysis is initiated after two pressure measurements have been collected, where pressure measure-266

ments are collected every 15 days. In Figure 4a, standard errors of the coefficient (the concordance metric267

defined above in Equation (2)) are plotted over time as more and more pressure measurements are collected.268

Figure 4b contains the same information presented as error bars around the permeability estimate over time.269

In both plots, the standard error of the coefficient decreases, in general, over time as more measurements are270
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Figure 5: Pressure predictions (blue lines) and pressure band associated with one standard error of the coefficient (blue shaded
regions) when 2, 10, and 18 pressure measurements are available. The best-fit simulated pressures (gray lines) and associated one
standard error of the coefficient (gray shaded regions) are shown for reference. The currently available pressure measurements
are shown as circles in each plot.

obtained and confidence in the permeability estimate improves. A perfect match is not obtained over time271

because noise has been added to the synthetic pressure measurements as described above.272

In Figure 5, we present the effect of the uncertainty of the reservoir permeability estimate on pressure273

predictions. The three plots in Figure 5 present uncertainty bands for one standard error of the coefficient274

when 2, 10, and 18 measurements are available at 15, 135, and 255 days after injection starts, respectively.275

The pressure uncertainty bands are generated by running the model with plus and minus one standard error276

of the coefficient, which, from a purely statistical (probabilistic) point of view, would be associated with 68.2277

% of the measurements. As more measurements become available, the width associated with plus/minus one278

standard error of the coefficient decreases. The result on the conformance robustness is that our nominal279

estimate of the reservoir permeability can be wrong by a greater number of standard errors of the coefficient280

(h in Equation 4 and 5) and the GCS project is still forecasted to meet the performance criterion. Or, in other281

words, greater numbers of deviations from nominal permeability estimates are possible before the critical282

pressure is exceeded, resulting in increased conformance robustness. In short, our nominal understanding283

can be more incorrect, and the project is still forecasted to be successful. This indicates the increase in284

confidence in the GCS project conformance over time as more data become available.285

There is little change in the best-fit reservoir permeability (Figure 4b) and resulting pressure predictions286
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Figure 6: Least-squares predicted pressures (solid black lines) estimated over the course of the operation as more and more
measurements are collected. The start of each line indicates that its predictions were made after the previous measurement was
collected. Circles are the measured pressures and colored dotted lines indicate alternative critical pressures used in the analysis
here.

(Figure 5) due to the fact that Gaussian noise is added to the synthetically generated pressure measurements287

using the same model used in the system model in the example. In practice, it is likely (almost guaranteed)288

that system predictions will evolve more drastically as the model update process may involve conceptual289

model updates as more information is obtained, as opposed to the simple parameter updating used here for290

illustrative purposes. As mentioned previously, we use a simpler CO2 injection scenario than would likely be291

adequate in practice so that the conformance robustness concepts can be presented as clearly as possible.292

In Figure 6, we present pressure predictions produced as new measurements are obtained as solid black293

lines. Each line starts at its first predicted pressure, where the preceding measured pressures (circles) in294

each case were used to estimate the permeability for the predictions. The maximum pressure prediction for295

each line represents the system model defined above in Equation (1) evaluated with the current least-squares296

(nominal) permeability estimate (k̃). The pressure predictions change over time as the permeability estimate297

is updated using newly obtained pressure measurements, as illustrated in Figure 5. The critical pressure298

thresholds evaluated below (10.0, 10.1, and 10.2 MPa) are indicated in Figure 6 for reference. The critical299

pressure thresholds define the performance criterion defined above (Pc in Equation (3)). While in practice,300

injection times would be longer, a shorter injection time is sufficient with the simplified GCS scenario used301

here to illustrate the robustness conformance concept.302

In Figure 7, we plot the conformance robustness for the three critical pressures and an injection rate of303
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Figure 7: Evaluation of the robustness against future projections exceeding a critical pressure at the monitoring well (Pc)
evaluated over time as additional pressure measurements are collected. Three critical pressures are evaluated (different colored
lines). Conformance robustness is defined as the potential to deviate from nominal reservoir permeability in units of the standard
error of the coefficient and not exceed the critical pressure at the monitoring well. The gray horizontal bars indicate standard
errors of the coefficient from the nominal (best-fit) permeability estimate. The probability of a future measurement in each
region is indicated.

1 Mt/y. The regions of the conformance robustness between 0 and 1, 1 and 2, 2 and 3, and greater than304

3 standard errors of the coefficient are indicated with gray shading in the figure. As indicated in the plot,305

these regions are associated with reservoir permeability probabilities of 34.1, 13.6, 2.1, and 0.1%, respectively.306

However, the actual range in permeability deviations associated with these bands changes over time as the307

standard error of the coefficient is updated as more measurements are obtained. The values of conformance308

robustness indicate the number of (current) standard errors of the coefficient that the nominal estimate of the309

permeability can deviate from the true value and the GCS operation will not exceed the critical pressure at310

the monitoring well (refer to Equation 5 for details). In other words, larger values indicate that our nominal311

estimate of the reservoir permeability can be more incorrect (in units of the current probabilistic uncertainty,312

i.e., standard errors of the coefficient)) and the GCS operation is still forecasted to meet performance criteria.313

Note that the conformance robustness will only be revealed over time as more measurements are obtained314

and the reservoir permeability estimate and standard error of the coefficient are updated. In Figure 7, a315

critical pressure of 10.2 MPa achieves conformance robustness beyond three standard errors of the coefficient316

at around 180 days (i.e., the green line exceeds a conformance robustness of 3 at 180 days), while 10.1 MPa317

(orange line) requires around 450 days to do the same, and 10.0 MPa (blue line) is never able to achieve318
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significant conformance robustness throughout the GCS operation and remains within one standard error of319

the coefficient or is zero.320

A conformance robustness of zero indicates that the maximum pressure prediction exceeds the critical321

pressure. While the robustness for all three critical pressures starts below 1, the trend for 10.1 (orange line)322

and 10.2 (green line) MPa as more measurements are obtained indicate that confidence in conformance is323

increasing, while for 10.0 MPa (blue line), it is quickly apparent that the GCS operations is not likely to meet324

the performance criterion throughout the operation assuming current operating conditions. This example325

illustrates that while it may be difficult to demonstrate a high degree of confidence in GCS conformance326

early in the project, over time as more measurements become available, it will become clear whether you are327

trending towards conformance or not.328

Reviewing Figure 6, the lack of robustness when Pc is 10.0 MPa is apparent as many pressure measure-329

ments (and one forecast) exceed this critical value. In Figure 7, when Pc is 10.1 MPa, the GCS operation is330

more robust, but remains within the range of probabilistic uncertainty (3 standard errors of the coefficient)331

for most of the GCS operation. It is only when Pc is 10.2 MPa that significant conformance robustness is332

achieved during the GCS operation.333

The analysis in Figure 7 illustrates the trajectories of alternative performance criteria. However, in334

practice, pressure performance criteria would most likely be determined by site-specific information and335

expert opinion, and an evaluation of alternative critical pressures would not be warranted. However, for GCS336

operational performance criteria, such as injecting a desired quantity of CO2, the robustness of achieving337

alternative injection quantities may be evaluated.338

Along these lines, Figure 8 evaluates the conformance robustness of alternative injection rates for the339

same problem using Pc = 10.2 MPa. The analysis considers 0.75, 1.0, and 1.25 Mt/y injection rates. As340

expected, conformance robustness increases with decreasing injection rate as smaller injection rates result in341

lower pressure in the reservoir. Once again, as in Figure 7, conformance robustness is low at early times; but342

as more monitoring data are obtained, the trend in conformance robustness quickly becomes clear, where for343

0.75 and 1.0 Mt/y, it is apparent that conformance robustness is increasing, while for 1.25 Mt/y, it becomes344

quickly apparent that it is not increasing quickly and that the risk of failing to meet the performance criterion345

(not exceeding a critical pressure while meeting an injection goal) during the GCS operation is significant346

as the trend will likely remain within the probabilistic envelope of robustness.347
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Figure 8: Evaluation of the robustness against future projections exceeding a critical pressure at the monitoring well (Pc)
evaluated over time as additional pressure measurements are collected (i.e., conformance robustness). Three injection rates
are evaluated (different colored lines) given Pc = 10.2 MPa. Conformance robustness is defined as the potential to deviate
from nominal reservoir permeability in units of the standard error of the coefficient and not exceed the critical pressure at the
monitoring well. The gray horizontal bars indicate standard errors of the coefficient from the nominal (best-fit) permeability
estimate. The probability of a future measurement in each region is indicated.

5. Discussion348

While significant efforts have resulted in strategies to optimize aspects of CO2 sequestration operations349

(Birkholzer et al., 2012) and the development of novel injection strategies (Buscheck et al., 2016a,b), less350

attention has been applied to ensuring that GCS operations are robust in achieving their objectives. As351

the GCS community strives to achieve Gigatonne-scale operations, it is imperative to ensure that we have352

formal approaches to make confident (robust) assessments and/or confirmations of conformance. Field-scale353

GCS operations such as Snøhvit and In Salah have demonstrated that we need to be prepared to evaluate354

the potential for unanticipated events and inadequacies in our conceptual models. In this paper, we have355

proposed and demonstrated a formal approach to evaluate the robustness of an assessment of conformance356

at a GCS operation.357

To apply a conformance robustness analysis in practice making use of a complex numerical model of the358

GCS operation, multiple uncertainties, multiple performance criteria and longer time scales, the same steps as359

outlined in the Section 2 would be followed for each performance criterion (Harp et al., 2017). To incorporate360

multiple uncertainties, the uncertainty model would be multi-dimensional where the sets would include the361

normalized deviations from nominal for each uncertainty. Examples of such IGDT uncertainty models can362
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be found in Ben-Haim (2006). The results of these more complex analyses may reveal non-obvious trade-offs363

and nuances in conformance robustness (Harp et al., 2017). The overall conformance robustness for multiple364

performance criteria is the minimum of the individual performance criteria conformance robustnesses.365

Examples of how to develop robustness functions in a more complicated GCS scenario can be found in366

Harp et al. (2017). It is important to note that there will be some key differences in the robustness functions367

in Harp et al. (2017), where the robustness functions are developed to support decisions regarding pressure368

management strategies, compared to the robustness function presented here, where the robustness function369

is designed to support designations of conformance. Specifically, the robustness function here includes the370

standard error of the coefficient so that increased confidence in the model as more monitoring data become371

available is captured, while this is not included or necessary in Harp et al. (2017).372

An example of a more complex and practical performance criteria would be that the CO2 plume stabilizes373

within a specified time frame. Within the current framework, this would be incorporated using (1) a system374

model of plume migration, (2) a concordance metric defining the discrepancy between the simulated and375

observed plume location (where the plume location may be observed through monitoring wells or geophysics),376

(3) performance criteria defining the critical time frame within which the plume migration should have377

stopped, or some other measure of plume stability is met based on pressure, CO2 saturation, geophysical,378

or other measurements, and (4) uncertainty model that captures all relevant uncertainties that may effect379

the plume stability, such as permeabilities, porosities, strata dip angle, heterogeneities, etc. Once these380

four components have been defined, a conformance robustness metric can be derived in a similar fashion381

as presented here. This is not to trivialize the process of developing these components, which will require382

expertise and skill, but to demonstrate that even in more complex scenarios, the framework presented here383

provides a formal approach to evaluate conformance robustness.384

The evaluation of the conformance robustness (Equation (5)) requires ensemble evaluations of system385

models involving numerical simulations such as would likely be used for a GCS operation. Robustness func-386

tions can be analytically derived in some cases when system models are represented using analytical solutions387

(Ben-Haim, 2006), however, in practice analytical solutions may not be sufficient to capture important details388

of a GCS system. The ensemble evaluations are required in order to quantify the deviation from nominal389

at which the performance criteria are still met. In practice this can be challenging for computationally390

intensive models, but is required in order to quantify robustness. However, the ensemble analysis will not391

require probabilistic convergence, and in general, will require fewer simulations than required for Bayesian392

analyses (thousands to millions of simulations to reach probabilistic convergence) and far fewer than would393
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be required for a Robust Bayesian analysis (i.e., multiple Bayesian analyses).394

6. Summary395

In this paper, we developed and described a metric to quantify the robustness of conformance. In396

summary, the conformance robustness:397

1. quantifies the ability for the best-fit model to be incorrect and still meet performance criteria (the398

definition of conformance robustness as defined here),399

2. accounts for increased confidence in conformance over time as monitoring data are obtained by incorpo-400

rating the standard error of the coefficient (defined as the concordance metric here) in the uncertainty401

model,402

3. incorporates probabilistic uncertainty by normalizing the non-probabilistic uncertainty model by the403

standard error of the coefficient (concordance metric),404

4. considers non-probabilistic uncertainty using a set-based uncertainty model that allows deviations from405

nominal beyond the envelope of probabilistic uncertainty to be considered,406

5. can consider multiple sources of uncertainty and performance criteria (not shown here).407
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