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Abstract

Digital solutions for managing large volumes of data are a key component of workflows to identify
potential CO, storage sites and to demonstrate conformance with testing and monitoring requirements.
Interest in these data sets has grown with heightened awareness of the need for well curated datasets to
train and validate Artificial Intelligence (Al) and machine learning (ML) models. Real-time data sets
contribute to analysis of those models, and these datasets grow to hundreds of terabytes with distributed
fiber optic sensor deployments collecting continuous passive monitoring data. The resulting emerging
data driven workflows require high-quality datasets to support important geotechnical decisions about
hydraulic flow units and plume monitoring simulations. Existing optimum industry accepted data
management practices can be applied to improve AI/ML augmented results.

Introduction

Finding and accessing the most appropriate site-specific CCUS data for modeling workflows can be
assisted by AI/ML tooling such as text-to-SQL systems. Subsurface metadata configurations that include
schema information with curated table and column descriptions can improve both query accuracy and
performance (Price, 2025). Workflows with accurately discovered data including uncertainties and
technical assurance metadata can support business decisions related to confining zones, storage capacity,
injectivity, and leakage pathway risk. Existing industry standards for data definitions, formats and
schemas can be adopted and adapted for CCUS datasets. Open-source artifacts supporting these
standards, such as Well-Known Schemas (WKS) and Work Product Components (WPC), are
collaboratively maintained by industry forums to improve enterprise level trust (Moradi and Hepsg,
2024). The workflows are designed to be fit-for-purpose for subsurface screening methodologies, building
on data management strategies already in use for mature oil and gas exploration and production data
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workflows (Blake et al., 2025). Proven best practices for data management and curation are re-purposed
and future proofed from other data driven, capital intensive, and highly regulated industries. Targeted
industry sectors using large volumes of monitoring data include health, transport, gaming, high-energy
physics, computational fluid dynamics, and astrophysics. Identification of event-triggered time-series data
streams with spatial metadata, for example, can benefit from best practices being implemented by large
scale radio telescope installations (Thavasimani, 2021). Some of these data handling methods can be
applied to data submission guidelines for regulatory submission of large passive monitoring data sets such
as ocean bottom node seismic (NSTA, 2025).

Existing petabyte-scale aggregated datasets are available for study that contain datasets at larger temporal
and spatial scale than reservoir characterization studies from conventional oil and gas field operations
(Ringrose et al., 2013). Datasets used to establish best practices contain, for example, metadata from
thousands of time-series passive monitoring records indexed to individual micro-seismic events, and over
3000 interpretation projects targeted at CCUS operators ingested since 2019. Anonymized metadata
trends from these data sets can be used to test for reductions in data decision latency times across
embedded search and order workflows for key screening, testing and monitoring data types. A value case
for reductions in project cycle time can be based on persistent usage of large volume continuous reservoir
monitoring data over the decadal project lifecycle of a CO; injection project. Analysis demonstrates how
metadata components such as column descriptions in structured databases can increase efficacy in
extracting meaning for AI/ML augmented workflows (Price, 2025). Highly contextualized business
domain expertise is required to mitigate the risk of Al-related errors in these applications, especially for
long-form responses to open-ended prompts (NIST, 2024).

Methods

Spatial and temporal biases of data lead to increased risk when using large volume monitoring data to
support Al augmented workflows (Brodaric, 2021). Levels of AI/ML data readiness to support CO,
projects can be measured with existing data management best practices, developed and field validated for
large volumes of hydrocarbon exploration data, and adapted specifically for large volumes of CO,
monitoring data (Geary, 2023). Government agencies and other repositories of public domain data
supporting CO; injection projects provide examples of both the effort level required and the value to Al
readiness of extensive curation and data labeling (Morkner et al., 2022). This value is recognized in site
selection, determination of storage capacity suitability, and in hazard modeling and mitigation. Forced-
ranking style surveys and case studies demonstrate a relationship between data that is Findable,
Accessible, Interoperable, and Reusable (FAIR) as measured by industry specific implementation profiles
(Schultes, 2020), and levels of enterprise level data trust (Hiniduma, Byna and Bez, 2025) that reduce the
data-related risk in Al augmented workflows.

Results

A comparison of different sources of digital data that can support evaluation and optimization of CO;
geologic storage projects illustrates their relative conformance with FAIR data management principles.
The discovered gaps in requirements are compared to criteria for reducing data-related Al risk to discover
correlations. For instance, the access criteria for FAIR data include metadata completeness (Wilkinson,
2016), and generative Al risk reduction requirements for data governance include fully maintained and
auditable change records that reflect provenance, such as source and timestamp (NIST, 2024). This
informs efforts to add more complete metadata to monitoring data delivered for CCUS projects (Fig. 1).

Generative Al risk frameworks also highlight the need to enhance provenance content with organizational
efforts that track the history and origin of data used as input to training, validation, and modeling
workflows. Large volumes of CO, monitoring data are often transmitted in grouped files organized by
time-date stamp (Jacques, 2019) and are subsequently submitted to regulators in collections identified by
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a common spatial reference (NSTA, 2025). Maintaining version control and provenance for use in Al
augmented workflows requires populating and enriching mandatory metadata attributes with an auditable
workflow on a data platform system of record, and when delivering the data for analysis and
interpretation. Existing metadata models, schemas, and workflows from other high volume data
applications across disparate scientific disciplines can be adopted and adapted for larger volumes of
continuous CO; monitoring data (Patterson, 2019).
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Figure 1. Example of map-based data management portal for data from CO: injection, monitoring, and verification wells, showing applications of
FAIR data management principles and practices, including; a) unique and persistent identifiers (index numbers), b) industry standard formats
(*.SG2 and *.pdf), c) data quality (last condition), and d) provenance - lineage tags (created by, created for), supporting data for AI workflows.
Data from Illinois State Geological Survey, 2021., Used by permission under DOE Cooperative Agreement No. DE-FC26-05NT42588, 2021.

Open-source, technology-agnostic and standards-based cloud native data platforms can be used to ensure
interoperability of CO, monitoring data across functional and discipline silos (Wheelwright, 2024). This
enables secure, timely and reliable delivery of complex time-series data through a set of core services that
enable FAIR data delivery. Consistent metadata capture enables key workflows supporting time-series
data consumption, visualization and analysis in four dimensions. Participation in these long-term
collaborative initiatives can simplify data governance and eliminate the need for duplication or
transformation of data (Fig. 2).

Discussion

Completeness of metadata is measured in multiple facets of FAIR implementation profiles. FAIR data
compliance assists in providing metadata used by Al-augmented workflows to reduce risk. Using Al-
augmented workflows with large volume CO, monitoring data sets will require metadata that identifies
and describes potential spatial and temporal biases in the data used to train and validate models. These
biases can be introduced by non-random sampling or by edge processing strategies designed to reduce on-
site data volumes (Isaenkov et al., 2021). Proper metadata can help reduce errors such as false positive
identification of micro-seismic events when attempting to overcome the limitations of human processing
workflows (Stork et al., 2020).

A fully curated digital solution for management and delivery of large volume CO, monitoring data will
enable low-risk usage of data for Al-enabled workflows. The requirements of FAIR data management
principles map closely to facets of Al risk management frameworks being adopted by the energy and
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resource industry (Wierling et al., 2021). There is an opportunity to collaboratively build end-to-end
workflows for datasets that will enable use of Al for data analysis and interpretation.

Uncertainty measures in curated metadata become more important as characterization and monitoring
data is used to train, validate and calibrate models of CO, subsurface assets. Identifying and mitigating
inherent biases in datasets can avoid modeling outcomes outside of possible physics-based results. Using
curated uncertainty metadata can improve workflows using newly acquired time-series data to correct
errors in simple machine learning models (Seabra et al., 2024), or normalizing for biases introduced as a
CO; plume growth introduces increasing variability of relative physical measurements (Gahlot, 2025).

Proper indexing and auditable workflows of business context and lineage can also assist in recovering
original raw and field data sets to meet regulatory requirements as they change over time. Regulatory
thresholds for reporting micro-seismic events can change depending on proximity to newly built
infrastructure (Schultz et al., 2021) or population density growth (BCER, 2025), or Al algorithms can
advance to provide more finely tuned detection (Mandler, Karimi and Hutton, 2024), leading operators to
retrieve datasets supporting events that may not have been included in previous visualizations.

Figure 2. An analysis and interpretation application can benefit from search and order capabilities from curated data delivery platforms. The
visualization shows micro-seismic events, CO2 plume simulation, and continuous monitoring data from passive seismic monitoring at a CO>
injection site. Collection and preservation of mandatory metadata attributes can enable an end user to maintain links between microseismic events
recorded during COz-injection, and the original raw field data related to that event by both geospatial and temporal coordinates. Provenance, and
lineage data can help identify and mitigate biases in such multidisciplinary and complex datasets. In this case a time-slider function allows a user
to identify the seismic traces associated with an event. Graphic from Dynamic Graphics, Inc., used by permission.

Conclusions

Applying industry-accepted optimum practices for data management and curation is an important and
often overlooked step in making subsurface screening and monitoring data available for interoperation
and reuse in CO» storage projects. Guidelines and assessment techniques for determining if existing data
sets are fit-for-purpose will assist with the demanding requirements of emerging Al and machine learning
technologies.
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