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Abstract
Carbon capture and sequestration (CCS) is playing a role in mitigating carbon emissions, and that role is
expected to grow dramatically with time. A key element to the widespread deployment of CCS is finding a
suitable sequestration site for carbon storage. Site screening and ranking frameworks designed to provide
insights into the suitability of storage sites are only as effective as the underlying data used. Therefore,
in this work, data confidence is incorporated into a quantitative, criteria-driven methodology developed to
assess the potential suitability of depleted oil and gas reservoirs for carbon storage. A sensitivity analysis
was then performed on criterion weightings to explore the results’ variability. The criteria-driven workflow
and data confidence analysis were applied to fields in the Gulf of Mexico and existing carbon storage
projects in depleted hydrocarbon reservoirs. Including data confidence in the scoring of sites in the Gulf
of Mexico decreased the technical field score by 4% to 15%, with the most significant changes stemming
from heavily weighted criteria with low data confidence. As data confidence increases for a site, the site
becomes more desirable even if the criteria scores do not change since more information about the site is
known. Engineering solutions can be used to improve lower-scoring criteria.

Introduction
CCS is expected to become an important technology for the decarbonization of the energy sector and
hard-to-abate industrial sectors (UNFCCC, 2017). A key element to the large-scale deployment of CCS
projects is finding a suitable sequestration site. Callas et al. (2022) proposed a regional exploration method
that screens and ranks many potential sites for hub scale projects and identifies an optimal storage site,
or sites, to sequester a large quantity of CO2 (Figure 1). The method utilizes a three stage criteria-driven
approach to achieve large-scale screening of potential depleted hydrocarbon reservoirs. The framework is
adaptable to various regions and projects and comprehensively presents criteria that address all technical,
regulatory, political, socio-economic, and environmental considerations. The work relies upon real-world
data to evaluate storage sites and, therefore, is only as effective as the underlying data used. Therefore,
in this work, data confidence is incorporated into a quantitative, criteria-driven methodology developed to
assess the potential suitability of depleted hydrocarbon reservoirs for carbon storage.
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Figure 1—Potential CO2 storage sands at the end of Stage 1 from Callas
et al., (2022). Potential clusters of onshore emitters are indicated.

Many previous studies that have developed best practices or general approaches to selecting a carbon
storage site do not consider the data quality used to make the evaluations (Bachu, 2003; Chadwick et
al., 2008; IPCC, 2005; NETL, 2017). Oldenburg (2008) incorporates a certainty factor into a screening
and ranking framework for evaluating carbon storage sites based on their potential for health, safety, and
environmental risk. This work assigns a certainty score depending on if the property is poorly known,
generally accepted, or very well known. However, there are no specific metrics that explain how to assess the
properties quantitatively. Subjective descriptive standards can result in conflicting site evaluations, making
final project decisions difficult.

Offshore settings have been identified as a significant storage resource for CCS as they offer both
significant storage capacity and practical deployment benefits at scale (Ringrose & Meckel, 2019). One
such potential offshore area is the Gulf of Mexico, which is one of the most geologically explored basins,
and is close to the largest concentration of industrial CO2 emissions in the United States (Meckel et al.,
2021, 2017). There are over 13,000 oil and gas sands in federal waters in the Gulf of Mexico according
to the Bureau of Ocean Energy Management (BOEM), many of which could be used for storage (BOEM,
2019). Due to this history of hydrocarbon production, there are high-quality geologic datasets for the region,
making this region favorable for potential carbon storage. In this work, we will incorporate data certainty
scores into the screening and ranking framework and apply this workflow to depleted oil and gas reservoirs
in the Gulf of Mexico. We hope this work will introduce consistency in evaluation for future geological
CCS projects that utilize depleted hydrocarbon reservoirs.

Methodology
Callas et al. (2022) developed a multi-criteria multi-stage process that screens potential depleted reservoirs
for carbon storage based on general and project-specific requirements. This criteria-driven methodology
has been applied to the Gulf of Mexico and California (Kim et al., 2022). The workflow is organized into
three stages that range from initial site screening to site-specific characterization (Figure 2). The workflow
uses data generally available in public databases, geological surveys, or storage atlases for the site screening
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and ranking stages. Additional information, simulations, and data may need to be acquired or performed
in the site characterization stage. The data required and the complexity of analysis increase at each stage
while the number of sites evaluated decreases.

Figure 2—Overview of the site selection workflow developed by Callas et al. (2022). This
workflow selects the most suitable site from a pool of potential carbon storage reservoirs.

Three main stages make up the methodology: site screening, ranking, and characterization.

The criteria are divided into three categories based on areas of concern related to the geological injection
and storage of CO2: (i) Capacity and Injection Optimization, (ii) Retention and Geomechanical Risk
Minimization, (iii) Siting and Economic Constraints.

Unsuitable sites that do not meet regulatory requirements are eliminated in Stage 1, site screening. The
sites that meet the qualifying criteria will move to Stage 2, site ranking. In Stage 2, potential sites are scored
and ranked from zero to one for each criterion. A weight is assigned to each criterion based on the most
important parameters for a project. In stage 2, each criterion has a certainty score incorporating the quality
and availability of the data used to assess each site. Descriptions of the data requirements to assess the data
confidence are included in the Supplementary Information of Callas et al. (2022). These descriptions provide
the type of data needed and the quantity and quality of that data to assign a high or low data confidence
score. For example, for the trap style criteria:

Low Data Confidence Score:

• Sparse 2D seismic (1-2) with trap crest between lines, or no seismic

• Trap defined by "structural styles" in the region (e.g., Harding & Lowell (1979))

• Trap based on analogs

• Limited/no dipmeter

• Limited (<3) well penetrations (i.e., can't tie seismic)

High Data Confidence Score: 2-3 of the items below

• Good quality dense 2D or 3D seismic data (automatic high score) with complete trap coverage

• Dipmeter data from multiple wells
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• Seismic tied to multiple wells (directly if 3D seismic data)

• Geological model based on good data

Including a data certainty score in the site ranking stage provides information to the user about the
degree of uncertainty and areas that can be potentially improved by acquiring higher-quality data. If data is
unavailable or incomplete during Stage 1 or Stage 2, the criteria that rely upon that data can be reviewed
as more data becomes available in later stages. By Stage 3, data should be acquired for all criteria to
characterize the reservoir.

A low data confidence score will receive a score of 0.5, which indicates a 50/50 probability that the
criterion was assessed correctly. A high data confidence score will be assigned a score of 1.0, signaling
that the criterion was assessed correctly using high-quality information. Each site will receive a technical
score incorporating the capacity and injection optimization criteria and the retention and geomechanical risk
minimization criteria. The sites will also receive a siting and economic constraints score. Both the technical
and siting and economic constraints score can be evaluated using Equation 1 below.

[Eq. 1]

Where ci is the data certainty score for each criterion, wi is the criterion weight [0,1], and si is the criterion
score. The total field score is the summation of the technical field score and the siting and economic field
score, which ranges from 0 to 2.

An example output from site ranking can be seen in Figure 3. Data confidence scores, either 0.5 or 1.0,
are plotted versus the weighted-average attribute scores. A low data confidence score indicates that the user
should acquire more data to decide whether or not to do the project. High data confidence scores with a low
attribute score indicate high certainty that the attribute will be unfavorable for the project. Conversely, a high
confidence and attribute score indicates that the criterion will favor a project at this site. Lastly, engineering
may be able to move it into the green category for attributes with high confidence but low-to-mid-criterion
scores. This output can be used on the field or cluster scale to help inform decision-making.

Figure 3—Example assessment from site ranking for the attributes of one site.
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Results
The methodology described here was used to select one or more sites for storing 10 million tons (MT) of
CO2 annually for 20 years in a single field or cluster of nearby fields. In Stage 1, potential fields within
10 km of each other were clustered together, and the cluster's capacity was kept if the combined storage
capacity was greater than 200 MT (Callas et al., 2022). In Stage 2, fields were scored, and a capacity-
weighted average cluster technical score was calculated to determine the cluster that would move on to site
characterization in Stage 3 (Table 1). The inclusion of data confidence scores resulted, on average, in a 9%
decrease in the capacity-weighted average cluster technical score (Table 2). In the previous analysis, cluster
6 had the highest score and would progress to Stage 3. By including data certainty, cluster 6 and cluster
9 now have the same capacity-weighted technical score of 0.66. Both clusters would move on to Stage 3
for site characterization.

Table 1—Example site ranking scorecard for a site in the Gulf of Mexico. Green shading
indicates a high score of 1, red indicates a low score, and intermediate scores are shaded pink.
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Table 2—Capacity-weighted average cluster score with and without data confidence.
An average decrease of 9% can be observed by including data confidence.

To accomplish this, we applied this workflow to the Bureau of Ocean Energy Management (BOEM)
database of oil and gas reservoirs in the Gulf of Mexico. In Stage 1, 1,286 fields were eliminated out of
the initial 1,317, and 31 fields, making up 10 clusters, moved on to Stage 2 (Callas et al., 2022). Two data
sources were used for site ranking: the BOEM dataset and GOMsmart (BOEM, 2019; GOMsmart, 2022).
GOMsmart is an online database that allows users to access oil and gas-related data for the Gulf of Mexico,
including well tests, well logs, and seismic. Based on the descriptions for each criterion, a high (1.0) or
low (0.5) data confidence score was assigned. This study used the same data sources for all the sites in
Stage 2. Incorporating data confidence into the scoring of the fields reduced the technical field scores from
4%-15%. For this analysis, the siting and economic constraints criteria received all high confidence scores,
so the field scores in this category remained unchanged. Criteria that were heavily weighted, but had low
data confidence, such as the presence of quaternary faults at reservoir depth and degree of faulting, had the
most influence on the technical field score.

Discussion
The methodology presented in this work can be used to select a field or cluster of sites for carbon storage,
illustrated by the case study in the Gulf of Mexico, to find a 200MT hub-scale storage site. This work
builds on previous studies that have proposed the use of multiple stages and multiple criteria to screen
and rank potential carbon storage sites (Alcalde et al., 2021; Bachu, 2003; Callas et al., 2022; Oldenburg,
2008; Ramírez et al., 2009, 2010; Sun et al., 2021; Wei et al., 2013). To be distinguished from previous
studies, the novelty of this work comes from the general applicability to all types of regions and projects,
the systematic screening and ranking methodology, the breadth and depth of the criteria, and the inclusion
of data confidence scores.

The results from this workflow are influenced by the quality and quantity of data used to assess
potential storage sites. The outcome can be impacted if poor or insufficient data is used for the evaluation.
Incorporating data confidence scores is a crucial tool to evaluate storage sites reliably. While in earlier
stages, databases or atlases may be sufficient, it is integral to acquire detailed data such as well logs, core
samples, and seismic during site characterization to verify the evaluation made in previous stages and to
produce a more accurate assessment of the top-ranking sites before an optimal site is selected. As data
confidence increases for a site, the site becomes more desirable even if the criteria scores do not change
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since more information about the site is known. Engineering solutions can be used to improve lower-scoring
criteria.

This approach has been taken as compared to traditional uncertainty quantification given the data
constraints on attribute information. While average values are known, the data we have does not provide
statistical data on many of the parameters. The approach taken blends objective and qualitative information
and results in an objective data confidence score.

In this work, all sites were assessed with the same data sources, and incorporating data confidence
influenced the overall result from the site ranking analysis. When different data sources are used, data
confidence will be more important to include in the site evaluation and ranking stages. Additionally, in this
work, data certainty did not create a large change in the scores because the Gulf Coast has particularly high-
quality data. However, in regions with poor quality data, incorporating data certainty can have a meaningful
impact on the outcome of site ranking.

Conclusions
The large-scale deployment of CCS depends on the identification of many suitable carbon storage sites.
This work incorporates data confidence scores to a multi-stage criteria-driven approach that screens, ranks,
and characterizes potential depleted oil and gas reservoirs based on site capacity, injectivity, geomechanical
and retention risk, and siting and economic constraints. This framework was applied to sites in the Gulf of
Mexico but can be utilized in various geological and geographical environments and is adaptable to project-
specific constraints. As more experience is gained from project development, the criteria, weighting, and
data confidence scores will continue to evolve.

This workflow was applied to the BOEM dataset in the Gulf of Mexico and identified 10 clusters made
up of 31 fields. Previous analysis had found one cluster made up of seven high-scoring fields to move onto
site characterization. However, by incorporating data confidence, two clusters ranked the highest in Stage
2 and would move on to Stage 3 for detailed site characterization. The incorporation of data confidence
scores decreased field scores from 4% to 15% and capacity-weighted average cluster scores by an average
of 9%. The most impactful criterion to these changes were heavily weighted criteria with low data certainty,
such as the presence of quaternary faults at reservoir depth and degree of faulting. With the incorporation of
data confidence into this workflow, we introduce consistency in evaluating future geological CCS projects
that use depleted oil and gas reservoirs.
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