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Research is data-driven
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~« Millions of dollars of research
and data are available from
carbon storage efforts
e How can we preserve and
efficiently access those
resources to drive the next

generation of R&D?
Employing “smart” search tools oy
toinclude open resources 3
Machine ¢
* Learning
—~

Address the needs of the
community through Al/ML

enhanced methods via
DOE’s virtual data library
and laboratory, EDX
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& Carbon Storage
Data & Resources

Aggregate & Label

Explore & Transform
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on EDX
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Using Al/ML Tools for CS Data Curation NE{RHE ey

Challenge: Making available data discoverable, searchable, and easy to reuse

A

Solutions:
N=TL

, =8
* Open-source data scraping efforts ;T' SmariSearch
Cataloging for metadata extraction and preservation

Geographic database development to make searches easier

Use of data
for site selection
and modeling

Analyze

(GeoCube) & Optimize
N=TL
J SmartParse (Anslytice, metics, reares
« Natural language processing for text-based resource classification, a1 freining 6ete) acauireing, curating,
organization, keyword identification (metdata building) and Explore & Transform e o
geographic association (for searchability) (Curation, cleanup and visualization)
* SmartParse NLP has integrations with New API for EDX Move & Store

(Collaborative data management)

ML image object recognition and data extraction
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_Typesof Carbon Storage Data [
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Spatial data: Text-based Data
Shapefiles (field Documents

basin, regional ’ Publications I | N A ‘_ W A \{ g

scale) Power points
Datasets Memos

Models Posters

_ Other types of data:
Image Extraction:

* Documents TOOIS. :
Presentations Applications

* Maps APIs
* Posters LivingDatabase

Energy Data eXchange

Feeding the data hippo!
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Living Database

e Store and Share Datain a
Structured Secure Database
Environment

* Reduce Redundant Acquisition

e Direct Data Access (not file
based storage)

e Consistent Data with Staff
Turnover

 Enhanced Collaboration

e Curation of data and
knowledge

* Allows Direct Analysis from
Database

e Available On Research
network and Watt ML Cluster

Research

External
Apps

v’
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Data Cleaning for ML, Al and Spatial Analysis ¥L ENERGY

e Use Python scripts to automate data cleaning and help rapidly
add structure, labels and metadata for datasets

Decision to make,
collect and currate
subsurface CS data

 Metadata development for open carbon storage database
* Use of ArcREST data, geographic location, and attribute table to develop /

Field collection
Web scraping
Data mining

Initial data collection:
metadata for layers in Geocube /

* Link to EDX to capture additional metadate for datasets

Natural language Manual document searches|
processing Data catalog development
7= EO Spatial tagging Manual data extraction
Carbon Storage h Return Home 4=y | :
< o | Data cleaning
-4 .
Y e Quality Assessment
= (Inte
g+ Agricultural Processing CO2 Sources BSCSP Carbon Storage Layers x — Metadata capture
- Created by: null on 2020-1-03 f—
c Metadata: U:D
A 5po } View Selected Category: | --Select-- he
category: 2 +
€02 Sources ‘ Creation of .
layerDescription ® (0 Name v Category v m Data made available
Portland - _ . model outputs .
. g Sky carbon stor: g partnerst hp g cultural processi g point s s for CO2 production. These point sources M o) - 1n database
\Washington, northern Oregon, Idaho, Montar Wy g North Dakets and Seuth Dakota O MRCSPProjectli..  Boundaries i Q B &
licensing: |
Open Data Commons Attribution License 8 Agr\cu\tura\ Proce... CO2 Sources i Q @ & 9 * v
hyperlink:
Jimappil rvices/PublicServices/COZEmissions_2015/MapServer (O CementPlantCO.. CO2 Sources i Q B & T el B D meedl Cop
Y O Fertilizer Facility .. CO2 Sources i Q 8 % subsurface modeling CCS Site Screening
Chevenne  Umanha
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Natural Language Processing (NLP) B N=TL

Unsupervised ML for Document Classification SmartParse N= |NTVA
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e Latent Dirichlet allocation (LDA)
model based on corpus of 2071

= Save Dicti
text-based documents - ior ot v e 2ol ey

. . . Data S . - Fil

e Topic names assigned by subject- Conversion Database Corpus with Gensim e

matter experts

* Each document is classified by %
of each topic it’s associated with Completed on Local Desktop PC

e Each document has 50+

keyw?rds identified and can be [S— S [ i
associated metadata on EDX Corpusto File " hHyper- " Model " Coherence

* Parse geographic location to At rrDerof

Sndug N pUnprusun

Optimal
Number of
Topics/Model

Yes

parameters

: Save DA Model
associate with each document — topicy Cter N toFile
when possible Completed on NETL Watt ML Quster parameters

Load LDA Model i e Cuzry PostgresQL
> d dl » 1CS US| <
Topics 19 LI:lle Modelg DEElTELs Database
Write Topics
i Sub-topi
Loop Through All Docurments in Database %r) Dataggéces

Conmpleted on Local Desktop PC

I o —————————————————————————————————————
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Machine Learning Image Data Extraction

* Object Detection Model

Development Process

e Use transferlearning to train object
detection model for specificimage and data
types

e Detect Graphs, Diagrams, Photos, Maps, and
Tables

* Image Labeling and process Developed with
help from Mickey Leland Energy Fellowship

Extract Convert Documents
Documents (PDF) to Image
from EDX (PNG)

Label Images to be
extracted LabellMG
Software

Process Input
images for ML

Use Transfer
Learning to

Save Model

generate New
YOLO Model

Create
Additional
Labeled Data
and Run
Additional
Epoch
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Machine Learning Data Extraction
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“ Utilize Object Identification ML Models to Extract Additional Data
|

# Figure 2: Forecast California GHG Emissions by Sector
N

. 3: Fifty Largest CO, Point Source
Graph 0.841
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Some studies have suggested that application of CCUS to bioi
valuable option for the state to achieve its 2050 emissions red
2012). Only about 2 percent of the state’s electricity (600 MW)
power plants. Approximately 196 million gallons of biofudls
biodiesel facilities; the demand estimated by the California E
billion gallons per year. California’s Low Carbon Fuel Standa
measure to lower the carbon intensity of fuel stocks. Emission
less individually and in aggregate than from coal and NGCC
but these sources are free from cap-and-trade emission constr
emissions if outfitted with CCUS. These negative emissions
generation or fuels if allowed by policy. The California 2012 Bi
need to analyze and mitigate potential problems with particle
challenges for biomass plants, such as the Klamath Biomass PN
athor challonoes Facine hinduesl dovelommment cach ac scsmntd
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Mr:{ny Demand and CO2 Emissions in 2010 and Forecasts for 2050
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2010 300 100
2050 Goals 77
2050 BAS 1200 140
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n projects could provide the proof-of-concept needed for commercialization. The
the potential CO: demand for this application probably is not significant relative to
tory.
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ise in use of CO: as a cushion gas for natural gas storage. Demand for cushion gas is
fnia has 12 underground natural gas storage sites (Figure 8) with a working capacity
bic feet (Bef) and a daily withdrawal capacity of 6875 million cubic feet (MMcf)
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* Machine Learning, Artificial Intelligence and THE WALL_ STREET JOURNAL.
Natural Language processing are Difficult e
l) lld Lhdllenhes Are Ildll]n,, Al l’r()Je( ls IBM Executive des
¢ Whatever happened to Watson? Ihe 1d hassle of colle nd prep: shock fo \e companies, according to A 1 Krishr

* Lack of Labeled Training Data

* Training data is time consuming to develop and can be
costly

* Dataavailabilityis limited with Living Database

e Currently deployed on Research network

* The database would improve if deployed on a cloud 4 e Netw Hork imes
service or other shared environment

Deloitte.

busine

By Jared Council
May 28,2019530am. ET

[T ALWAYS

What Ever Happened to
IBM’s Watson?

IBM's artificial intelligence was supposed to transform
industries and generate riches for the company. Neither has d - s 5 g
.. e TEEER T
panned out. Now, IBM has settled on a humbler vision for = HHH HHTIT .
Watson. H L H

U G R U G R https://w ww .nytimes.com/2021/07/16/technology/w hat-happened-ibm-w atson.html




Synergy Opportunities
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* Collaborative cross project technology
* Use material same NLP tech
e Using other NLP Models Louvian Community Detection
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Supporting Data Collection, Curation & Analysis in Other Areas
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Alloy (wt%)
|316LNSS5-7N
316LNSS-11N
316LNSS-14N
|316LNSS5-22N

Data mining, including...

Read the full text >

Abstract

i the compositional space for the 910 12% C

s have

Move & Convert...

E AN
=1 T 7 A \

Energy Data exchange

N c Mn cr Mo Ni Si
i St 27 1.7 17.53 2.49 12.2 0.22
14 7.52 251 12.27 0.21
.14 UCtUred Dat; 253 1215 0.2
0.22 0.028 1.7 / 2554 1236 0.2
cTC s (MPA) RT, hrs
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816 29.0 1153
MARBN : 3Cr-3W-3Co-VNb, 120 - 150 ppm B & 60 - 90 ppm N
P92: 8Cr-0.5Ma-1.8W-VNb, 20 ppm B & 500 ppm N
- a0 MARBN, Base metal
MARBN, Welded joints
\66%6 200 g ::i m;m::\m
oW R
gt i oae =
. a g
s .. Test results
60} Solid : Welded joints

f fiest-order trends in the publicly available da
l
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...& use in predictive analytics for alloy
behavior

— R"2:0.82 -
2000001 Actualand predicted creep
rupture time using the ;
1750001 Gradient Boosted Regression I M A L w A Y g
ML Algorithm =
150000 4
125000
s
_tg .
E 100000 A ., .
*
- L ]
75000 4 ¢ o°
L [ ]
) L ]
L ]
50000 :. Ay . .
o ® e ¥e,
25000{ g / .
L] L ]
. it . .
. [ ]

0 T : : . . : - .
0 25000 50000 75000 100000 125000 150000 175000 200000
Predicted RT

Evaluating machine learning models to:

* address data gaps

* identify key features in lifetime behavior of the alloy




Results: Spatio-temporal trends in CS data =Ry
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Bringing together NatCarb, NRAP catalog and the Carbon Storage Open Database

400
N 350
300
250
A >
= g2 200
= [ )]
%;C 3 150
e )
H - 100
50
B 0
N '3 25 50 100 200 300 800 3000 15000 650000
A . Number of Features (legend for map)
CCS Projects Datasets Cataloged
¥ 1. Big Sky Validation Phase - Wallula 9. High Plains Aquifer
Basalt Pilot Project 10. Kimberlina (WESTCARB)
2. CAMi - Field Research Station 11. Appalachian Basin Test (MRCSP)
3. CarbonSAFE — Wyoming 12. Cincinnati Arch Test (MRCSP)
4. Citronelle (SECARB) 13. Williston Basin Oil Field Test
5. Decatur (PCOR)
K bbati . b 6. Edwards Aquifer 14. Scurry Area Canyon Reef
Molrk ner, P, Bauer,)J., Crc(jaason, C.,S.a at!no, M.., \./I\fl.ngo, P, Green. urg, Rt.), 7. Earnsworth - Anadarko Basin Operations
Walker, S., \.(estes., B., anll Rose, K., u:g(rewew., Distilling Datato Drive Carbon 8. FutureGen 15. Cranfield Site (SECARB)
Storage Insights, journal: Computers & Geoscience 16. Central Appalachian Basin Test
(SECARB)
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Results: Natural Language processing

Keywords and geographic associations

* Produced a 9 topic LDA model — grouping similar papers
* Produced keywords associated with resources
Geographic location recognition

* Integration into EDX through J IgETL "
martParse

LDA_rt9_ALL_AUTO.himlitopic=6&lambda=18term=

Salected Topic: 6 Pravious Topic || Next Topic | | Clear Topic | Slide to adjust relevance metric (2 U

amt - I
= 0.0 02 04 s 08 1.0

Intertopic Distance Map (via multidimensional scaling) Top-30 Most Relevant Terms for Topic 6 (11.5% of fokens)

= Liiarals
b T ares 'vl'b'i*"
;::\x ~.nuwv.j("[53' lu‘le il
D s J—'?"-Wf‘\“’-'"'" drili
P S rgstor geSZin
Ny = =carbone R o
oy s +areportd g{fgrssys#gmmg
5 90 t S s
DD A PO Astestos
ield Injection ™= g’ S: ormatlon .
) tests and " 5e93 c':.nn[ettlun ity D
WP o e monitoring geolo “ o

ohie
e oy
2% ithin the selacted
5% 1. saliencyterm w) = fi 1 pit | w] e Chuang et. al (2012)
2. rolovanco{torm w | topic 1) = A * piw [ )+ {1-X)* wn«m m Shl'hylmﬂj K
10%

Site screening and
modeling .

RCSP documents JI‘
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Groundwater aquifer _
and target reservoir Petrophysical

classification
590

1517

Number of documents
with at least 1% topic
assignment

1628

Analysis (wellog
data)
347

Gas and Pore
Water Analysis
203

Resource
Production
644

Geochemistry
594

\
\ .
\_Environmental

Carbon Cycling
972




Results: Data Quality assessment method development and spatial trends in CS —INATIONAL
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e 5-point data quality assessment method developed
* Quality based on completeness, accuracy, usability, and authority of

Decision to make
carbon storage data
available

source
* Applicable to many subsurface data sets and model output data sets / B /
. . . - NATCARB, NRAP and CSOD
* Combined with CSIL can be used to analyze data quality spatially Completeness : i
. o o . Data is complete - no - :
* Manuscript outlining methodin prep Valties are excluded / Al e / e
Source of data is stated data searches SmartSearch and
] Method of measurment python scripts
a4 or calculation reported . =T i
;; Data processing steps described Data catalog development
Location and time of Database development
- collection stated Data processing and
integration
Accuracy

Authority of Source

Datad 5 glventas | Submitted to a certified )
measured or exact values data warehouse or derived Natural language processing

B d(ﬁs no:: require guef.;;lrég from peer-reviewed journal Dgfsthme?:gi%'fg’%%
Quigna:]eeiirla.lce:ag:‘: f[::):?:-l’late Data is recent, or has been identification and classification
maintained to reflect recent

Document is high-resolution 2

i version updates I

Quality control process used P -
Justifiable significant Usability b

figures Data is in an
organized, digital,
tabular, text-based or
database format
[ 20-425 Does not require proprietary

Data cleaning

Average Data Quality Quality Assessment

P 42545 ar expensive software to open
B i50s Data is open source
B 550 Metadata location is clear { Creation of Data published
i Easy to extract and use model outputs on EDX
Y -
Data used for Data used for
CCS risk modeling CCS Site Screening
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Summa ry N=|NATionaL

== [ENERGY
TL TECHNOLOGY
LABORATORY
FE and Carbon Storage program investments into data curation and
management has led to the development of Al/ML tools and the —
. s . "2 N=TL
preservation of millions of dollars of research products which ? s fS h
benefits ongoing and future research. This has led to: marrsedarc
A bett derstandi f CS rel t data densit d dat ‘|'NETL
. etter understanding o relevant open- data density and data
qguality throughout US and Canada smCIr'l'PCIrse

* Improved access through the integration of CS data resources on EDX into
GeoCube, SmartSearch and SmartParse (EDX version of NLP tools
presented here) for further searchability with spatial searches and
keyword searches

* Updatesto GeoCube for enhanced spatial searchabilityand integration of
modeling tools to come

* EDX Al/ML data discovery, labeling, integration tool developments

trained to support Carbon Storage, SMART-CS, and NRAP

* Deployment of Al/MLalgorithmsto allow on-demand data discovery and
integration, ready-made for each end-user needs
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Next Steps WY AN
=T A

Carbon Storage program investments into data curation and Energy Data exchange
management has led to the development of Al/ML tools and the

preservation of millions of dollars of research products which £. N=TL
benefits ongoing and future research. This has led to: > SmartSearch

N=TL
e Continue collecting and adding data to EDX, Geocube, and ﬂ qurqurse

LivingDatabase

* Develop additional integrations between SmartSearch, SmartParse,
and EDX

* Improve ML models and NLP analysis utilizeing additional libraries,
developing more training data, and applications

* Share and expand technology and data resources across NETL projectsto
improve and expand data curation
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Thank you!
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Appendix

— These slides will not be discussed during the presentation, but
are mandatory.
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Benefit to the Program

Task 27 supports the development of data, materials, maps, analyses, and figures for the Carbon Storage Atlas, Natcarb
Viewer, and Natcarb database. Thisincludesrelease of new data insights to the GCS community, through the sixth
edition of the Carbon Storage Atlas, and through bi-annual updates to the Natcarb Viewer and Natcarb database.

Task 28 focuses on addressing CS R&D data curation challenges associated with ingesting, describing, and curating data
products from DOE FE to ensure enduring access and more efficient utilization of those resources using Al/ML
enhanced approachestosupport future CSR&D. Ultimately, this effort will resultin tools, data resources, and virtual

capabilities forthe CSP and community to facilitate efficient CS data discovery, integration, and curation using NETL's
EDX

Use of EDX and development of tools to support the collection, curation, organization, labeling, and publishinglarge
guantities of data for carbon storage. Whether laboratory, field, or computational, CSR&D is both a producer and
consumer of data resources (datasets, tools, models, etc.). However, while the volume of open, online data is increasing
exponentially, scientists struggle to find, access, and make operable dataproductsfrom previous R&D projects due to
insufficient and/or burdensome online data curation tools and outdated techniques.
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Project Overview
Goals and Objectives

— Funded by DOE as part of Carbon Storage DE FE-1022465, Tasks 27
and 28

— RSS Contract and ITSS contract researchers
— Ongoing performance dates 2018-2022
— Project Participants

* Pl Kelly Rose

 LRST: Paige Morkner, Michael Sabbatino, Andrew Bean, Lucy Romeo,
Patrick Wingo

e ITSS: Chad Rowan, TJ Jones, Aaron Barkhurst, Vic Baker
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Organization Chart
Carbon Storage Data

/ Project Partners \ Lead Organization / Task 27.0 \

DOE NETL Next Generation Development,
NETL Deployment, and Modernization of
RCSPs — Big Sky Carbon Principal Investigators Database, Tools, Online Viewer, and
Sequestration Partnership, Kelly Rose, Jennifer Bauer Atlas
Southwest Partnership, \ ’ /
Southeast Regional Carbon Lead: Jennifer Bauer
Sequestration Partnerhsip, Contractors: Paige Morkner, Michael
Midwest Regional Carbon / Task 28 \ Sabbatino, Patrick Wingo, Andrew
Sequestration Partnership, Curation of Carbon Storage R&D Products Bean, TJ Jones, Aaron Barkhurst,
Midwest Geological Through Advanced Data Computing other Matric Software Engineers and
Sequestration Consortium, Solutions Developers
Plains CO2 Reduction
Partnership. Lead: Jennifer Bauer
Contractors: Chad Rowan, Michael
\ j Sabbatino, Paige Morkner, Andrew Bean,
Lucy Romeo, TJ Jones, Aaron Barkhurst, Vic

Baker, Other Matric Software Engineers and 26
Developers




Task 28.0: Project Timeline Overview

Curation of Carbon Storage R&D Products Through Advanced Data Computing Solutions
(Pls: Michael Sabbatino, Jennifer Bauer)

EY2018- EY2020 ($240k) EY2021 ($200k) EY2022 ($200k)
EY2019 9 12 9 12

(s605K) | : ! 4 N . | A
\/ v @ @ \/ \Q/ \/ Additional EY milestones for.this

task will be outlined in future FWPs

Milestones

Expected Completion Date | Milestone Description
EY20.28.1 04/30/2020 Push to public on EDX appropriate MGSC Partnership data products. — Chart Key —
EY20.28.J 09/30/2020 Deploy LivingDatabase beta version capability in EDX, private side, for CS teams (e.g., RCSPs) use and testing. <> Vilestone
EY20.28.K 12/31/2020 Integration of CSP data products that are spatially related through enhanced EDX spatial search and discovery tool on

- GeoCube. Project
EY20.28.L 03/31/2021 Deploy NETL SmartSearch version 2 algorithm in EDX to support automated gathering of open, CS relevant data. I Completion
EY20.28.M 03/31/2021 Deploy LivingDatabase version 1 capability in EDX, private side, for CS teams (e.g., RCSPs) use and testing.
EY21.28.N 09/30/2021 Dewelop and test SmartSearch and SmartParse beta integration. | ?l‘;{gf‘iaf:e
EY21.28.0 09/30/2021 Complete testing of Living Database dashboard tools.
EY21.28.P 12/31/2021 Create additional training data for SmartParse image, graph, and table extraction model improvement.
EY21.28.0 03/31/2022 Dewelop beta Living Database user interface and dashboard.
EY22.28.R 07/29/2022 Ingestion and push to public on EDX appropriate SW Regional Partnership data products.
Key Accomplishments/Deliverables Value Delivered
+ 2018-Present, Addition of Big Sky, PCOR, Midw est CS Partnership, SECARB, and MGSC data and resources on * Collecting, curating, and cataloging data from all regional CS partnerships and open-sources.
EDX, for a combined total of 3,037 and 1.64 TB of data * Developing capabilities to query curated data.

+ 2018-2020, Big data computing cluster, Watt, set up and workto directly link EDX w iththese computing capabilities » Delivering EDX’s public-private capabilities, including growing access to its big data computing cluster and
2019-2021, Test and validate SmartSearch for use with commercial cloud & EDX to evaluate capabilities to Amazon Web Services (AWS) cloud services, seek to facilitate more effective research for DOE-FE subsurface
assimilate relevant CS data; including workas part of an NDA w ith Google and collaboration w ith DOE-HQ OCIO scientists.

2020-2021, Develop Living Database logic to host and storge large volumes of CS data * Pairing EDX hosted CS data resources and products with other online capabilities, data, custom ML algorithms
2021-2022, Deploy beta instance of Living Database frontend and dashboard tools and capabilities to enhance user experience and provide research teams with the resources needed to make
2022, Addition of any final RCSP and other CS resources to EDX subsurface energy researchmore efficient, reduce redundancy, and drive innovation.

* Task 28.0 is integrating data into an existing tool with no development of a technology. Therefore, no TRLis assigned.


https://edx.netl.doe.gov/group/rcsp-secarb
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