Advanced Data Extraction to N[
SUppOI"l' a LiVing quqbqse TL LABORATORY

Michael Sabbatino

NETL Support Contractor
ResearchInnovation Center

A B g?r.\rérthrse

Analyze
& Optimize

2 N=T
slabel /c Smar’rSeorch

Explore & Transform E !hv h
= VN

Energy Data exchange

Move & Store

2022 Carbon Management Project Review Meeting
_ Auoustn 222



Presenter Notes
Presentation Notes
Today we are going to discuss the benefits of using Advanced Data extraction that includes Natural Language processing tools and machine learning (which we are calling Smart Parse) to develop a Living database that will support Carbon Storage data collection, processing, and reuse. With these processes we will be demonstrating how Machine Learning and NLP can power data centric projects now and lay the groundwork for better quality data in the future.
�I am a Spatial Database Scientist with a background in GIS data management and have expanded my research to include emerging tools like Machine Learning and NLP to expand and streamline the data lifecycle
�
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Presenter Notes
Presentation Notes
I am a Spatial Database Scientist with a background in GIS data management and have expanded my research to include emerging tools like Machine Learning and NLP to expand and streamline the data lifecycle.
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Presenter Notes
Presentation Notes
Carbon Storage Research is a data driven effort which takes millions of dollars to generate usable research and data. One of the key  issues in research is how to use and preserve data beyond the collection, storage and analysis performed for a project. 
If we think about the data Pyramid we see there are many different layers involved in converting raw collected data into something that can inform scientific research. With smart parse we have tools and are continuing to develop more tools to help expedite the process. And if you think about the amount of data generated through the various research projects and controlling the input and management of data could become humanly impossible.
�
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How do you support research data through its entire lifecycle? 
By utilizing existing infrastructure like EDX, GeoCube, SmartSeach and SmartParse that not only support data collection, organization and publishing and  storage but also streamline metadata development, quality assessment and topic search. 
Now all these tools in the data management tool belt are very helpful but are still utilizing a lot of manual input . Which equates to researcher hours spending time on data organization instead of research.
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Another tool in data curation is the Living Database. Not necessarily a single data server storing structured data. It is an integrated approach to pull data both manually and automatically. 

Contains both traditional relational database structure that can be accessed from NETL’s Watt Machine Learning Cluster and within a secure network but also contains links to public facing websites like EDX, and ArcGIS on AWS.
The benefit of this is that the database allows direct access to large data sets that can be queried and processed as opposed to downloading entire data resources for access to one table.
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What types of data are we able to collect and curate.
Helps to feed the hungry machine learning, NLP models.



N NATIONAL

TL TECHNOLOGY
LABORATORY

Advanced Al/ML Tools for CS Data Lifecycle
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The tools for Advanced Data Extraction we collectively call SmartParse and we used this to feed the data Hippo.
Using NLP we can extract text from documents, papers, posters and presentations and create automated classifications of the text data stored within. From the NLP model we can create semantic keyword searches, text classification and topic generation and topic sentence identification. 
Additionally image classification and extraction is performed utilizing a trained YOLO v5 Machine Learning Model. This creates a searchable table of images for a corpus of documents.
Additionally, spatial data can be classified and searched within the New AWS hosted ArcEnterprise servers that is the new home for Geocube. This enables both interactive mapping and adds user generated analysis visualizations and tools in a hosted online suite of tools.
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What does this process look like? How do we begin processing data into the living database?
After collection of the data we usually have a data catalog and docs.
Work through data and organized by types so structured and spatial data can be stored and shared. These are processed with combination SQL and Python to collect data directly into the living database.
This data can then be cleaned up (empty records removed, errors corrected, spatial data on the same coordinate system.) 
�Documents can be processed either via SmartParse or through manual research or both. 
 For documents there is NLP preprocessing that includes lemmatization, stopword removal, and creating word vectors.
�
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This is the heart of the SmartParse tool, and  really the kickoff point of the smartparse concept. This is to take documents/PDF files, process it and generate usable data, and models from research papers and unstructured data.
Initially a document classifier
Used same model to generate keywords for each document
Then expanded to parse geographic locations from documents
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Going beyond text extraction development of data extraction tools to pull image data from  documents
 This part of the project started with research with a MLEF where we set the goal of extracting and classifying images from documents and presentations.
We classified images based on what type of data the image would contain. Tables can be identified so that the data can be extracted into a structured database,  Maps can be identified,
During the Fellowship we selected using a YOLO model to locate “objects” on a document page.
With images in a document located and extracted the data within the images can be identified and extracted
�
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Some studies have suggested that application of CCUS to biomass or biofuel plants may be a
valuable option for the state to achieve its 2050 emissions reduction goal (Greenblatt and Long
2012). Only about 2 percent of the state’s electricity (600 MW) is generated from 33 small biomass
power plants. Approximately 19 million gallons of biofuels are produced in-state by ethanol and
biodiesel facilities; the demand estimated by the California Energy Commission is approximately 1.6
billicn gallons per year. Calitfornia’s Low Carbon Fuel Standard includes eligibility of OCS as a
measure to lower the carbon intensity of fuel stocks, Emissions from these sources ane consideralbly
bess individually and in aggregate than from coal and NGCC power plants or petroleum refineries,
but these sources are free from cap-and-trade emission constraints and would produce net-negative
embsslans If outfitted with COUS. These I'H‘S-!I.H'I"l.' emissions could be used as offsets for fossil
generation or fuels if allowed by policy. The California 202 Bioenergy Action Plan recognizes the
need to analyze and mitigate potential problems with particle air emissions that have created
challenges for biomass plants, such as the Klamath Biomass Plant in southern Oregon. These and
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or demonstration projects could provide the proof-of-concept needed for commercialization. The
downside is that the potential CO: demand for this application probably is not significant relative to
the state’s inventory,
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Similar ssues arise n use of OO as a cushion gas for natural gas storage. Demand for cushion gas is
seasonal. California has 12 underground natural gas storage sites (Figure 8) with a working capacity
of 266 billion cubic feet (Bef) and a daily withdrawal capacity of 6875 million cubic feet (MMcf)
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Examples of some of the results of the output of the model.
Not limited to single item per page.
�
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Examples of some of the results of the output of the model.
Not limited to single item per page.
�
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NLP and Machine learning to Classify and Text and Images

PCA Papers 5 Topics 241 Papers

* 10 topic, 5 topic and variable ‘

= 4
. . 2
* PCA Analysis .
s 1
= 0
e Keywords and Custom Stop
L
d e = . ® .
.
Word List :
L% = ..
S - - - = s—— . .u -..J".' :
|| Topic Description L] LA L3 - L
7 . ~°-' B 8 o
Topicumser NG : . S 0 et )t S BN
1] learn high high (T ® f.-.“' .Pw L el -‘Qi e
1 learn research high science material - ® 2 L] e i . * -. ‘t.a . s @
2 material science science grid science . .
3 high wildfire material material learn -0.2 [ ]
4 research high infrastructure learn power
5 science grid research research uncertainty -0.3 -0.2 -0.1 o 0.1 0.2 03 0.4
6 event learn power device image
[ 7 structure infrastructure  human experiment  research X
8 infrastructure source experiment  optimization graph &
9 uncertainty  event real event source
10 optimization power optimization power optimization
11 level human surrogate infrastructure facility
12 experiment  management edge image field topic
13 power climate grid gquantum experimental . 4
14 predict real experimental level ray . 2
] 15 discovery material storage resolution edge I: .1
! 16 generation image capability structure quantum . 3
[ 17 capability task dynamic architecture  hardware
18 grid optimization  efficient current structure ©o
19 image structure attack potential available
20 experimental risk building discovery experiment
21 extreme dynamic integrate intelligence  hpc -
22 fault edge fidelity automate human
23 nuclear discovery extreme workflow imaging
24 source transfer facility resource level ."
25 code inverse different field discovery . 'm-
26 representatior predict failure real processing -
| 27 task increase inference failure current
28 distribution  hpc generation predict water
29 resolution ray code figure user
30 property support future extreme synthesis
31 health fire structure increase nuclear
32 different weather discovery synthesis real -04 -0z 0 02 04 06
33 failure future pp hpc generate X

U.S. DEPARTMENT OF

'ENERGY



Presenter Notes
Presentation Notes
Use Case Conference Abstract White Paper Data Extraction
Utilizing smart parse we pulled a set of abstracts and papers
We developed a 5 and 10 topic model and used PCA to examine the results
Due to small size the topic modeling quality was reduced
So NLP model data models are hungry hungry
But still a lot of usable data and analysis was generated from creating this model including document keywords and a customized stopword list using TFIDF
�
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Use Case: Abstract White Paper Data Extraction

NLP and Machine learning to Classify and Text and Images

e Data Input Zipped Papers, Spreadsheets,
and Images

* Processwith NLP (Gensim) to Create topic
model

e Convert PDF to JPG for preprocessing

* Used trained Yolo model using transfer
learning

e Extractedimages from papers and classify
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[0 MName
@ Aditya Sundararajan_Adaptive Machin...

3 Al_DOE_Workshop_Day Zxlsx

6 Andrew Delorey_Advanced Monlinear ...
@ Angel Yanguas_Accelerating the Man...

@ Athi Varuttamaseni_Al for Supporting ...
@@ Bin Hu_Using Deep Learning to Guide ...
@ Brendan Hoover_Knowledge and Data...

¢ Chad Rowan_Data Virtualization and ...

[ Cheng Wang_Physics-Informed Deep ...
@ Christoper lohnson_Deep Learning Ta...
@ Copy of Al_DOE_Workshop_Day 3 - De...
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@ David Hughes_Machine Learning on t...
@ Duane Verner_Analyzing the Impact of...
& Feng Qiu_Using Machine Learning_Art...
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Date modified

12/14/2021 12:25 PM
1/4/2022 12:51 PM
121472021 12:25 PM
121472021 12:25 PM
121472021 12:25 PM
12/14/2021 12:25 PM
12/14/2021 12:25 PM
12/14/2021 12:25 PM
121472021 9:35 AM
121472021 12:25 PM
12/21/2021 11:01 AM
12/6/2021 11:21 AM
12/14/2021 12:25 PM
12/14/2021 12:25 PM
121472021 12:25 PM
121472021 12:25 PM
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Type

Chrorme HTML Dao...
Microsoft Excel W...
Chrome HTML Dao...
Chrome HTML Dao...
Chrome HTML Do...
Microsoft Word D...
Chrorme HTML Dao...
Chrome HTML Do...
Chrome HTML Dao...
Chrome HTML Dao...
Microsoft BExcel W...
Chrorme HTML Dao...
Chrorme HTML Dao...
Chrome HTML Do...
Chrome HTML Dao...
Chrome HTML Dao...
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Size

110 KB
65 KB
5,427 KB
460 KB
131 KB
23KB
134 KB
105 KB
140 KB
154 KB
42 KB
94 KB
209 KB
269 KB
199 KB
91 KB
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The input was a Zip file with uncategorized papers and abstracts
Processed the files with Gensim NLP Topic modeler 5 and 10 topic model
Convert PDF to image
Used Trained Yolo V5 model to extract images and classify each.
�
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NLP and Machine learning to Classify and Text and Images

e Data Input Zipped Papers, Spreadsheets,
and Images

* Processwith NLP (Gensim) to Create topic
model

e Convert PDF to JPG for preprocessing

* Used trained Yolo model using transfer
learning

e Extractedimages from papers and classify
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Data Virtualization and Management for Energy R&D
ROWAN, Chad?

ROSE, Kelly2, BAUER, lennifer,

BAKER, Vic, JONES, Tl, MCFARLAND, Daniel

1. Maximus, LLC, National Energy Technology Laboratory, 3610 Collins Ferry Road,
Morgantown, WV 26507-0880

2. Department of Energy, National Energy Technology Laboratory, 3610 Collins Ferry Road,
Morgantown, WV 26507-0880

3. Matric Innovates, 3610 Collins Ferry Road, Morgantown, WV 26507-0880

Curation and access to federally funded research products is key to support the current data
revolution, FAIR data practices, and ever-changing landscape of artificial intelligence and
machine learning (Al/ML) techniques across the U.S. Department of Energy (DOE). In 2011, the
DOE National Energy Technology Laboratory (NETL) began developmentand maintenance of
the Energy Data eXchange (EDX) to address the needs of data management while building the
functionality needed to support a virtual laboratory. The motivation of this platform was to
address the need for rapid response of data intensive challenges including human/natural
disasters and fundamental research.

EDX has been leveraged significantly by the DOE Office of Fossil Energy and Carbon

Management’s geospatial and geoscience programs for carbon storage, rare earth elements,
unconventional oil and natural gas, and others. It provides users with an online collection of
data, capabilities, and resources that advance ongoing research while maintaining the IT and
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The input was a Zip file with uncategorized papers and abstracts
Processed the files with Gensim NLP Topic modeler 5 and 10 topic model
Convert PDF to image
Used Trained Yolo V5 model to extract images and classify each.
�
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NLP and Machine learning to Classify and Text and Images

e Data Input Zipped Papers, Spreadsheets,
and Images
* Processwith NLP (Gensim) to Create topic e T S
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1 ID 10 Topic Classification Doc Name Doc Text Metadata Clean Text
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m O e 3 hhagbe |_P1Q2A1.pdf Microsoft Word - { o ‘Creat ['reliable’, ‘applied', 'mathematical’, 'de¢["
4 Rodrigo Duran_Unsupervised Neural Networks Lead to Novel Metocean Insights.pdf Unsupervised Neural Networks lead to {'Author': 'Rodrigo Duran’, ‘Content-Type ['unsupervised', 'metocean’, insight’, ‘al ["
5 \_Gyryav._: . PLQ2ALpdf  Synergy between machine learning and {‘Author’ ", ‘Content-Type': ‘application; ['synergy’, ‘numerical’, ‘multilevel’, prin [*
. 6 Copy of Rao Kotamarth i_Kotamarthi_Robust and predictable early warning system forweather and climate hazards_P:Rao Kotamarthi_Kotamarthi_Robust  {'Author’: !, ‘Content-Ty ['a0, 'predictable’, early’, 'warning’, 'we["
° CO nve rt P D F t o) J P G or preprocessin : i i Prean resenima e ot restn, o e P ncr: o o, ol
8 Sohail Reddy_Improving Critical i Maintenace ial Intell pdf AIML DOE White Paper-01.13.2022 e ype': i ", ‘Creat [ ‘intelligence, 'utility’, i [
) 3 Ady | Attack Trained df {'Author'; Hyungkwan Kim','Company's ' 'profit’, 'motivate’, 'adversarial’, ‘attack’ [*
. . 10 [Nhan Tran_Open-source tools and scient for edge Al ization_P1Q2ALpdf Jop: tools ientifi e , 'X-Par ['open’, 'source’, 'benchmark', 'edge’, ‘de ["
° U se t raine YO o0 model usin t ransfer o oo e oamng et Pl s s nformed schine.—oAuhors Bsshy. oga, Conton AT infon: Toat s’ aenadl
12 Ji 1_Profi d trained for the data-d fi d adh | attack {"Author': 'Hyungkwan Kim', '‘Company": ' ['profit', 'motivate’, 'adversarial', 'attack' ["
13 Angel Yanguas _J th hogen-Specific PPE for Real ponse in Word - {'Content-Type': 'application/pdf, 'Creat ['pathogen’, 'specific’, 'ppe’, 'real’, 'emer [
. 14 Al for Sustainable Environmental {'Author": 'Haruko Wainwright', 'Content ['sustainable’, 'environmental', 'manage ["
I ea r n I n 15 Title: Fighting the Resistance 3€“Rapid {'Author’: 'Rush, Tomas', 'Content-Type": ['fight' ‘resistance’, 'rapid", 'precise’, ‘tre ["
16 Emerging Applications of Al for {Author’; ", 'Content-Type': application; ['emerging’, ‘innovation’, 'mission’, 'spac[",
17 John Wu_Brain Inspired Learning Models for Anomaly Detection and Risk Assessment.pdf Microsoft Word - hitepaper-  {'C ype': , ‘Creat ['brain’, 'anomaly’, ‘detection’, 'risk!, ‘ass ["
. . 18] 35 ) \_KimJ_Al-driven model for of the future_§ Word - 2111308 {'Author'; 'hyungkwankim', ‘Content-Typ ['universal', ‘participation’, ‘clean’, ‘elect [
[ ] E Xt ra Ct e d I m a e S fr O m a e r S a n d C I a S S I f 19101 Harry Fry_FryH_Overcoming Sequence-Structure-Functionality_P102A1.pdf Overcoming Sequence-Structure- {'Author'; Fry, H. Christopher’, 'Content- ['sequence, 'structure’, ‘peptide’, 'mater [*
20 1 4 Eric Dufek_Dufeke_Rapid Operational Advanced Energy Storage . P1Q2ALpdf Rapid Operational Validation of {'Author's ", 'C['rapid', ‘operational’, 'validation, 'advar [*
21| 18 4 Ralph Kube_Collaborative_Big_Machine_learning_P1Q2A1.pdf Collaborative_Big_Machine_learning  {'Content-" -Par ['big', 'learn’, 'science’, 'author’, 'learn’, 'r [
2| 2 4 Tianzhen Hong_AI-Enabled Smart Thermostats P102AL.pdf Al-Enabled Smart Thermostats for {Author C', '‘Content-Type ['smart', ‘efficiency’, flexibility’, 'buildin [*
23| a2 4 Gavin Liu_T for pdf NETL&€" Liu {"Author’: ‘Pranjali S. Muley', ‘Content-Ty [iu’, L
24| 50 4 Uta Ruett_RuettU_integrati d s p1 Imegrallon of automation and Al with  {'Author’ ‘Stone, Kevin Hunter’, ‘Comme ['automation’, ‘high’, "end’, situ’, charac["
25117 4 Katrina Bennett_Advancing the Use of ML for limate Ch: _Karra_Vesselino_Schuenk N {Author Kbennett, ‘Content-Type' ap [bennet, a, ‘dec, mproved: ‘unders [*
26122 4 Katherine Wilsdon_WilsdonK_£ I_P1Q2A1.pdf Microsoft Word - {'C ‘Creat [’ ‘digital', ["
27160 AVoungScc Park_YoungP_RoboticDigitalTwinForSelfDrivingLaboratory_P102A1.pdf Microsoft Word - {‘Author': vsplrk' ‘Content-Type':'appli ['robotic’, 'dvgvlal' ‘twin', 'self!, ‘park’, ‘m["
28161 iam Tang_William Tang_Al DOE WHITE PAPER_Fusion Energy Science_Nov.30, 2021_P1Q2A1.pdf William Tang_Al DOE WHITE {'Author": 'Wi m M. Tang', 'Content-Ty| ['wi m', 'white', 'white', 'science', 'fus
29186 4 Matihew Reno_Ar-8ased Prtective Rlays for Elctric Grd Resiliency.paf Title: Al-Based Protective Relays for  {'Author': Blakely, Logan', ‘Content-Type ['protective’, relays', 'electric’, ‘grid!, re< ["
30 189 4 Adity hine Learning for Disasters.pdf Learning for {'Author: ‘Sundararajan, Aditya’, ‘Conter ['adaptive’, learn’, 'resilient’, ‘networke:["
3| 7 5 Cheng Wang_Physics- Informed Deep Learning for Multiscale Water Cycle Prediction.pdf Physlcs Informed Deep Learning for  {'Author’: ‘chengw’, ‘Content-Type': 'app ['inform’, 'multiscale’, 'water’, 'cycle’, in'["
32| 20 5 Sarp Oral_Orals \_P1Q2ALpdf I g, Adaptive, le {'Cc ype': i Par ['self,, 'adaptive’, ‘extreme’, 'storage’, bl ["
3| 3 5 Brian Nord_Closing the Loop_Automate the Scientific Cycle Al DOE Workshop Nord_P102A1.pdf Closing the Loop: Automate the e - i Par ['close’, loop’, automate’, ‘cycle, ‘works ["
34| 31 5 Ryan Coffee_Resiliency to Natural and Man Made Disasters.pdf AI@DOE - Section 3 {'Content-Type': zppllmlinn/pdf, Psl['sscllcn‘ ‘secton’ ‘enterprise), neuros [
35| 36 5 Charles Farrar_A Complexity Based Framework for Structural Health Monitoring .pdf A Complexity-Based Framework for  {'Author’;
36| 40 5 Anubhav Jain_JainA_AutonomousLabs_P1Q2A1.pdf Microsoft Word - e ype': , ‘Creat [ " 'language’, 'pmcessmg‘ i
37| as $ Wentingi_Edge ComputingBased Phy g for 1 df g Physics- R pe': , ‘Creat 'edge, inform, 'learn’, 'power, 'infrasti["
38| 48 5 Dip: Dy to Mitigate Impacts of Hydrologlcal Extreme Events.pdf led ided {'Author": ", ‘C s 'guided!, 'learn’, 'mitigate’, 'nydrologica ["
39| 53 5 Dmitry Lyakh_Dmitry_QuantumAl_WhitePaper_AI4DOE_P1Q2AL.pdf Dmitry_QuantumAl_WhitePaper AMD {'Author’: 'Beck, Tom', ‘Content-Type': 'a| ['inverse’, ‘hybrid', ‘quantum’, ‘classical’, ["
40 55 5 Noah Paulson_PaulsonN_Artifi sIInslghllnleﬂrlalsManuiaclurm&PlQZAl pof Artificial Insight in Materials {'Author: npaulsonwork@gmail.com’, 'C [insight’, ‘material’, ‘manufacturing’, 'mi [*
41 68 5 Al-guided for fir P1Q2A1.pdf Microsoft Word - Al-guided inverse {'Content-Type': ‘application/pdf’, 'Creat ['guide’, 'inverse’, 'material’, 'extreme’, ' [

U.S. DEPARTMENT OF

/ENERGY



Presenter Notes
Presentation Notes
The input was a Zip file with uncategorized papers and abstracts
Processed the files with Gensim NLP Topic modeler 5 and 10 topic model
Convert PDF to image
Used Trained Yolo V5 model to extract images and classify each.
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Use Case: Absiract White Paper Data Exiraction

‘ — TECHNOLOGY
Image Classification Demo/Results

LABORATORY

In [4]: #input data 4-7-22
source_files = "/home/sabbatim/mlhome/NLP_Documents 4-1-22 From_Kelly/AllDocs/input_images"”

Ipython detect.py --weights '/home/sabbatim/anaconda3/yolov5/runs/train/exp6/weights/best.pt' --img 640 --conf 8.25

4 »

ingAI2021v4 P102A1 O.png: 640x512 Done. (8.807s)
image 486/492 /home/sabbatim/mlhome/NLP_Documents_4-1-22 From Kelly/AllDocs/input_images/Zhehui (jeph) Wang_Imag
ingAI2021v4 P102A1 1.png: 640x512 1 map, 2 diagrams, Done. (0.007s)

image 487/492 /home/sabbatim/mlhome/NLP Documents 4-1-22 From Kelly/AllDocs/input images/Zhehui Wang Physics-Inf
ormed AI (PAI) for Imaging and Intelligent Vision_@.png: 640x512 Done. (0.807s)

image 488/492 /home/sabbatim/mlhome/NLP_Documents 4-1-22 From Kelly/AllDocs/input_images/Zhehui Wang Physics-Inf
ormed AI (PAI) for Imaging and Intelligent Vision_l.png: 640x512 1 map, 2 diagrams, Done. (0.007s)

— — — — -

OCONINGO

EARLY PERMIAN LITHOLOGY:

(Leonardian} Quartz arenite sand-
7 Jstone, fine- to
Imedium-grained,

PALEOGEOGRAPHY/
TECTONIC SETTING:
Eolian sand sea (dunes)
on a coastal plain along
coastal shorelines

SEDIMENTARY DEPOSITIONAL
STRUCTURES: ENVIRONMENT:
Large scale cross-bed-  Wind-blown sand
ding, ripple marks,  dunes in arid desert

FOSSILS:
Reptile tracks,
insect burrows

image 489/492 /home/sabbatim/mlhome/NLP_Documents_4-1-22 From Kelly/AllDocs/input_images/Zhengchun Liu LiuZ On t
he Opportunities of Foundation Models for Scientific Image Processing P1Q2A1 ©.png: 640x512 3 diagrams, Done.
(0.007s)

image 490/492 /home/sabbatim/mlhome/NLP_Documents_4-1-22 From Kelly/AllDocs/input_images/Zhengchun Liu LiuZ On t
he Opportunities of Foundation Models for Scientific Image Processing P1Q2A1 1.png: 640x512 Done. (0.007s)

image 491/492 /home/sabbatim/mlhome/NLP_Documents_4-1-22 From Kelly/AllDocs/input_images/gaffney AI@DOE whitepap
er_0.png: 640x512 Done. (0.007s)

image 492/492 /home/sabbatim/mlhome/NLP_Documents_4-1-22 From Kelly/AllDocs/input_images/gaffney AI@DOE whitepap
er_l.png: 640x512 Done. (0.007s)

Speed: 0.5ms pre-process, 6.7ms inference, ©.5ms NMS per image at shape (1, 3, 648, 640)
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well-rounded, well- slump structures

sorted, white to pink

Sands carried by northerly winds were deposited across the Arizona land-
scape in the early Permian Period, creating vast dunes that today form the
Coconino Sandstone and other similar contemporaneous formations. The
only fossils found in the C ino are footpri of extinet animals, for
which no evidence of skeletal remains has been found. By the end of the
Permian Period (251 million years ago), the greatest mass extinction of all
time occurred, resulting in the disappearance of up to 50 percent of all
marine invertebrate families, and 75 percent of terrestrial vertebrate fami-
lies. Possible causes of the extinction include a worldwide loss of shallow

Trackway of small repile that was leit on
the slaping surface of a sand dune in the
Coconing Sandstone

Tracks of the replile Lacporus, preserved on
a bedding plane of ripple-marked Coconino
Sandstone

(Based on Geological Sociely of America timescale, 2009)

~wp  marine environments during the convergence of continents into Pangaea

Results saved to runs/detect/exp6 % andlor climatic changes triggered by volcanic eruptions, which released

203 labels saved to runs/detect/exp6/labels | concentrations of GO, and 50, into the atmosphere. Multiple causes may

L il - | have been at work. Coconino Sandstone oulcrop along U.S. Highway 89,
| Qak Creek Canyon, near Sedona, Arizona. Note
Progi that is typical of
g wi () 9
g1 as the “Great Dying, " the Permian mass
= impacted both marine and land species
= and may have lasted a few thousand years_ima SAND DUNES in
DESERT ENVIRONMENT

Generalized map of environments across Arizona
churing the early Permian, the time of deposition
of the Cocenina Sandstone (modified iom Blakey
and Ranney, 2008)

All images courtesy of Dale Nations, unliss otherwise noted.
Infarmation proviced by WESTCARE at www.westearb.org
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Presentation Notes
Walkthrough YOLO Model operation
Run script on Folder of documents
Identify images and locations
Crop out images for further processing
Generate a searchable database with images, Keywords, and document, name, and page
�Imagine if all of the presentations this week were classified in this way. You could search through all of the images, text, and data classified and curated fully automatically.
�
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: | - = _ -1-22 From Kel
< 4 | anaconda3 | yalov5 | runs | detect | exp6 | crops | map Q= || = - o % p40x512 Done.
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Presentation Notes
Walkthrough YOLO Model operation
Run script on Folder of documents
Identify images and locations
Crop out images for further processing
Generate a searchable database with images, Keywords, and document, name, and page
�Imagine if all of the presentations this week were classified in this way. You could search through all of the images, text, and data classified and curated fully automatically.
�
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Use Case: Abstract White Paper Data Exitraction [N=[Mnova

‘ T TECHNOLOGY
Image LABORATORY

I ° f' ° 1 | Image Type Mumber Found Example Document Example Page
— T | faen-
D Diagram 72 Akzsh Dhruv_WhitePaper_P10Q2AL1 pdf 2 r—iy
emo/ nresulits =
2
§ Failure
10 _._.D" L]
Graph 28 Andrew Delorey_Advanced Nonlinear Measurements in the Earth. pdf 1 .___..-*" 'r Qs /
1 L iy 5
0
] 0.25 05 0.75 1
Normalized, % Damage to Failure
3
Map 46 :d_ScheinkerA_AdaptiveMachinelearningforTime-VaryingParticleAcceler 2
4 —
Photograph 21 Pete Beckman_Intelligent Edge to Predict Extreme Events.pdf 3
5 =
Parameter  DenseNetl2]l  ResNet50  VGG16
D 0.052 01035 0.055
Base k 0.98] 1040 1.083
Table 122 1. Darby Smith_smith_inverse_problem_P102A1 pdf 2 z 0.397 0.527 0.518
D 0.022 0022 0.024
k 0.383 04596 0.491
U.S. DEPARTMENT OF . ] 0.179 0185 0.171
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Presentation Notes
Walkthrough YOLO Model operation
Run script on Folder of documents
Identify images and locations
Crop out images for further processing
Generate a searchable database with images, Keywords, and document, name, and page
�Imagine if all of the presentations this week were classified in this way. You could search through all of the images, text, and data classified and curated fully automatically.
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Collaborative cross-project technology
« Use material same NLP tech
» Using other NLP Models Louvian Community Detection
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Presenter Notes
Presentation Notes
Synergy Opportunity
Able to utilize existing scripts and processes with analysis on Materials Discovery ressearch and shared python code using Gensim and LDA model with Lee Aspatatre
Complete circle of synergy Lee shared his code bacc with us using Louvian Community Detection where word similarity could be mapped and visualized
�


~ Other Areas

“Supporting Data Collection, Curation & Analysis in

Data mining, including...

Move & Convert...
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Energy Data exchange

Alloy (wt%) N C Mn Cr Mo Ni Si
316LNSS-7N ( 27 1.7 17.53 2.49 12.2 0.22
316LNSS-11N StruCtur Y, 2.51 12.27 0.21
316LNSS-14N [ ed Da ta 2.53 12.15 0.2
316LNSS-22N 0.22 0.028 L / 2.54 12.36 0.2
CcTC CS (MPA) RT, hrs
593 310.3 1.45
593 275.8 5.5
593 2758 6.33
593 206.8 55
593 1717 "6 357
593 144, o 1446
704 @ 0.37
704 ‘@ A 15
704 60 1379 9.5
704 103.4 50.5
75.8 337
704 62.1 1227
816 103.4 0.75
816 89.6 1.87
816 68.9 12.75
816 48.06 843
RESEARCH ARTICLE 816 36.5 331.8
Materials data analytics for 9% Cr family steel 816 29.0 1153
Vyacheslax N. Romanovz. Narayanan Krishnamurthy, At K. Verma, Laura s Bruckman, Roger H
e Jennifer A Corter efrey . o MARBN : 9Cr-3W-3Co-VNb, 120 - 150 ppm B & 60 - 90 ppm N
it publshed: 15 February 2019 | hitps/dol org/10.1002/sam.11406 P82: 8Cr-0.5Mo-1.8W-VNb, 20 ppm B & 500 ppm N
. Departmentof Eneray, DE-FEQC28685 300
wstetons - e AR B et >
% s,
Abstract N\e -
o o
A materials data analytics (V" (\ s study to evaluate =
publicly available infor \* andle nonlinear relationships =
and the sparsity a ine overarching goal s to accelerate @
the desic ‘\) 1« and expense associated with 5 ’ T t I t
o Lsil energy applications. Data entries in the
\S S i o a » l1estresults
o“ «anical tests selected for this study were arranged in 34
C 5. While detailed microstructural information was not available, it is. 60} Solid : Welded loinls
i the compositional space for the 9 to 129 Cr steels is limited such that al

_utries have a tempered martensitic microstructure during service. Establishing a

erarchy of first-order trends in the publicly available data requires the MDA to filter out
the biases. Complexity of the phase transformations and microstructure evolution in the.
multicomponent alloys (using 21 chemical elements) with major influence on mechanical
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...& use in predictive analytics for alloy
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Evaluating machine learning models to:
* address data gaps
* identify key features in lifetime behavior of the alloy



Presenter Notes
Presentation Notes
SmartParse is an advanced data extraction tool that utilizes NLP, and ML to mine structured data from non structured sources in order to continue supporting the Living Database
�
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Natural Language Processing are Difficult e S—
 Whatever hoppened to Watson? Patz: C‘lrlallejlﬁe? i\rﬁ I-‘Ialtm:r Al Pr();]elclts I]%R/‘Ij‘fifutlvle ?ay:wHd
Lack of Labeled Training Data
. Tr0|n|ng? datais time-consuming to dev elop and can : busine
bbe cos

Data availability is limited with Living Database

« Currently deployed on the Research Network

« The database would improv e if deployed on a cloud
service or other shared environment

By Jared Council
May 28,2019530am.ET

Ehe New Hork Eimes

What Ever Happened to
IBM's Watson?

IBMs artificial intelligence was supposed to transform
industries and generate riches for the company. Neither has -
panned out. Now, IBM has settled on a humbler vision for HEHT H

Watson.

https://www.nytimes.com/2021/07/16/technology/what-happened-ibm-watson.html



Presenter Notes
Presentation Notes
AI, ML NLP is difficult
Most projects suffer from lack of label training data.
We are looking into approaches to label data automatically and use these tools to generate better ML and NLP models.
Security Limitation with Living database hosting. Currently only on Research and Watt
Can improve access with cloud deployment
�
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FE and Carbon Storage program investments into data curation and
management have led to the development of Al/ML tools and the

preservation of millions of dollars of research products which %. §=TL 1. S h
benefits ongoing and future research. This has led to: maricearc
A bett derstandi f CS rel t data densit d dat "NETL
. etter understanding o relevant open- data density and data
quality throughout US and Canada smqr":arse

* 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/ML algorithmsto allow on-demand data discovery and
integration, ready-made for each end-user needs

n U.S. DEPARTMENT OF
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Presentation Notes
Carbon Storage program investments into data curation and management has led to the development of AI/ML tools and the preservation of millions of dollars of research products which benefits ongoing and future research. This has led to: 
Better data density and data quality
Improved access to CS data resources with enhanced searching and curation tools.
Results in better more efficient data curation and discovery
�


What's next: EDX4CCS

2 N=TL
Smart$S

NatCarb

A National Look-at Carhﬁl Sel’jilesfl‘aliarlt

Carbon
Storage
Open
Database
I’ et \
0

5\/1/\?_

\

EDX4CCS N\

Data, Integration, generation, and deployment to
feed SMART, NRAP, and regulatory models

Tools, Develop and/or integrate the deployment of
tools for data interaction and visualization, decision-
support such as for pipelines, regulatory permitting,
resource characterization, data visualization, and
more

Core CCS EDX DisCO2ver platform,

Broader community virtualized data computing
atform and central EDX CCS data and tool hub

National Risk Assessment Partnershlp

‘ U.S. DEPARTMENT OF

ifts ENERGY

https://edx.netl.doe.gov/about
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Presenter Notes
Presentation Notes
So, how does this effort fit into the larger carbon storage data effort planned through EDX? 
Infrastructure bill funding (BIL) will produce separate, but related, work to unlock datasets and tools, supporting access to data products such as the Carbon Storage Open Database, NATCARB, and much more. 
EDX4CCS, which is one of the BIL funded FWP efforts alongside NRAP and SMART, will result in a central hub, or platform, called DisCO2ver. The tools, datasets, and models that already exist, plus additional tools and datasets that will come from the BIL funding, will be aggregated into a central CCS hub through EDX, leveraging many of the EDX++ capabilities described in this talk. This includes online integration of SmartSeach to enable users to find data and resources within the platform, but also pull in outside authoritative resources from websites and datastores such as USGS. 
The goal is to integrate many different resources for the CCS community all in one place. Please reach out if you or your group produce CCS data products, as we are interested in hearing from the wider CCS community about including your resources within the DisCO2ver platform in the future. 
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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 developmentof data, materials, maps, analyses, and figures for the Carbon Storage Atlas, Natcarb
Viewer, and Natcarb database. Thisincludesthe release 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 approachesto support future CSR&D. Ultimately, this effort will resultin tools, data resources, and virtual

capabilities for the 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 publishing of large
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 isincreasing
exponentially, scientists struggle to find, access and make operable data productsfrom 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

* [TSS: Chad Rowan, TJ Jones, Aaron Barkhurst, Vic Baker
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Organization Chart
Carbon Storage Data

K 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
Sabbatino, Paige Morkner, Andrew Bean,
Lucy Romeo, TJ Jones, Aaron Barkhurst, Vic

Baker, Other Matric Software Engineers and 31
K 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

(5605K) I J K @ @ P /L R — . .
\/ v @ @ \/ \Q/ \/Add/t/onal EY milestones for this

task will be outlined in future FWPs

Milestones
| Number | 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. I i‘;{gf‘;frse
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.Q 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 ith these 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 w orkas 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 capabilitiesto enhance user experienceand 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

Bibliography

— List peer reviewed publications generated from the project per
the format of the examples below.

Morkner, P., Bauer, J., Creason, C., Bean, A., and Rose, K., “A Data Quality
Assessment Method to Support Carbon Storage,” in preparation . Target journal:
Nature Scientific Data. (Tasks 27.0, 28.0)

Morkner, P., Creason, C., Sabbatino, M., Wingo, P., DiGiulio, J., Jones, K.,
Greenburg, R., Bauer, J., and Rose, K., ‘“Distilling Data to Drive Carbon Storage

Insights,” accepted pending final revisions, Computers and Geosciences. (Tasks 27.0,
28.0)

Barkhurst, A., Morkner, P., Bauer, J., Rose, K. GeoCube, TRS report, in prep, target
completion Fall 2021.
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