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Identified need:

Taylor Energy oil platform, destroyed in 2004

 Extreme offshore environmentsintroduce Structural and during Hurricane lvan, is still leaking in Gulf
hazards that can impact the integrity & weather-related @ Meteorological &

safety of infrastructure incidents

* Need for novel methods and models to
assess existing infrastructure for future
potential

ks “ Oceanographic (MetOcean)
impacts

https://commons.wikimedia.org/wiki/File: Deepwater_

Ap p roach : '- Horizon_offshore_drilling_unit_on_fire.jpg

* Build infrastructure dataset integrating
structural, environmental, & past incidents
information

* Develop, test, and validate advanced
data-driven spatial, statistical, and
Machine Learning (ML) models to
quantify existing infrastructure

Structural

integrity and improve prediction of ~information
performance _ . External Interest: API, BSEE, BOEM,

* Release data and advanced analytical = YA\ EPA DNV Llovd’s Register NOAA
models into a smart, online platform on =N . (e et ‘
Energy Data Exchange (EDX) Energy Data exchange M

https://edx.netl.doe.gov/offshore/portfolio-items/assessing-current-and-future-infrastructure-hazards/
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1. Whatisthelifespan of existing
infrastructure in the Gulf of Mexico?

2. Whereisrisk/hazards likely to occur?
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Platform Records

@ Source: Bureau of
Ocean Energy
Management
(BOEM, 2020)
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e tlocy  Bureau of Safety and Environmental Enforcement (2017). Offshoreincident statistics.
Unites States Coast Guard (2020). IncidentInvestigation Reports.
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Incident Records

[0 Source: Bureau of Safety
and Environmental
Enforcement (BSEE,
2017)

Platform Type

@ Fixed
e MOPU

29°

Number of Incidents
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@ Source:
U.S. Coast Guard*
(USCG, 2020)
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Current Offshore Oil & Gas Platform Incident Severity Ranking

-92°10' -89°20'

T

E‘PAFlTMENT oF / ¢ NE ’E“ﬁz"{?;@f-‘\L oy 48 . : &5 ' S J : -, IAL ) 1 1 i .
ENERGY e TR st Severity variables:

« Incident presence

» Fire explosion category
« Fire

« Explosion

 Loss of well control

» Collisions

- Hydrogen sulfide release
 Structuraldamage

» Required muster
 Equipment failure
o « Spill release

*Cumulative incident severity is based on

Platform Type Cumulative Incident Severity* structure- and weather-related incident
1 data from 2006-2017 (BSEE, 2017;

-89°20'

® Fixed 0.66 Nelson, et al., in prep). Incident severity
¢ MOPU 0.33 summarized by platform that had one or
>0 more incidents reported, and then

normalized to a scale of 0 -1.
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Current Offshore Oll & Gas Pla'fform Risk Index Risk index of decommissioned

Based on structure type, water depth,:'p\.,ast incident severity, & environmental conditions

s e e e platforms and applied to existing
bign e S \ platforms

Medium Norecordediincident
Low 7

e oK | |
*Risk index variables:

» Current age minus Slot drill count
average age at Classified current
removal by type velocity value

« Water depth  Classified wave
« Incident severity height value
« Incident count  Classified wind speed

« Crane count value
e Slot count

Brvironmentalle i tions* et severty is based on 2006-2017 strcture- *Picked using Kendall’s Correlation, t-test,
Areas of Risk :I’ n\:‘yr nmrrn alc n” ili ils include wind sp 1 i i i
Low High e | Chi-squared, and Kruskal Wallis statistics
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‘ Gradient Boosted Classifier

‘ Artificial Neural Network |

‘ Geographically Weighed
Regression
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Predict age at removal for
existing platforms

Bins

0-11 years 11-20 years 20-30 years

30-42 years

42-72 years
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Age at Removal
Range (Years)
e 0-11

e 11-20

e 20-30

o 30-42
o 42-72

Artificial Neural Network
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Geographically Weighed
Regression

Most Important | ofcat. 1 2SR RO Y RS
Features (Gini hurricane '

b impacts reported sustained hurricane
number) P wing gust  wind speed impacts
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* Spatially predict existing platform age using
Geographically Weighted Regression
Gradient Boosted Classifier * MetOceanvariables are associated with both positive and

negative GWR parameter estimates.
* Spatially heterogeneous effects on age at removal
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Intelligent Risk Modeling for Offshore

Access to improve industry models & predictions

COP TOOLS

Launch the Blowout Spill .. Cumulative

3 Spatial
Occurrence Model
KNE Impact

application Layers

* Integrate ML, big data, and analytical

outputs with online platform b NETUs ol
Offshore
* Leverage award-winning Offshore Risk Risk

Modeling Suite = Modeling

g - Suite
e Transformmodelsintoonlinetoolsto :

perform real-time analyses to better BIG DATALEVERAGED INROBUST TOOLS FOR
. OIL & GAS EXPLORATION AND PRODUCTION

understand offshore infrastructure

integrity

BLOSOM

CsIL

NETL Offshore Common Operating Platform Viewer

NETL'S
PUBLICLY AVAILABLE
TOOLSET HELPS OFFSHORE
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Energy Data exchange

 Releasetoolsand platformto
stakeholders through EDX

https://edx.netl.doe.gov/offshore


https://edx.netl.doe.gov/offshore

Bureau of Safety and Environmental Enforcement (2017). Offshore incident statistics. Retrieved from https://www.bsee.gov/stats-fads/offshore-incident-statistics.

Cummings, J. (2005). Operational multivariate ocean data assimilation. Q. J. R. Meteorol. Soc. 131(613): 3583-3604.

Cummings, J. A., & Smedstad, O. M. (2013). Variational data assimilation for the global ocean. In: S.K. Park and L. Xu (Eds.), Data Assimilation for atmospheric, Oceanic and Hydrologic Applications.
Vol II. Chapter 13: 303-343.

Knapp, K. R., Kruk, M. C., Levinson, D. H., Diamond, H. J., & Neumann, C. J. (2010). The International Best Track Archive for Climate Stewardship (IBTrACS): Unifying tropical cyclone best track data.
Bulletin of the American Meteor. Sodety 91, 363-376.

Nelson, J., Dyer, A., Romeo, L., Bauer, J., Wenzlick, M., Barkhurst, A., Wingo, P., & Sabbatino, M. (in prep). Evaluating offshore infrastructure integrity. 7echnical Report Series, U.S. Department of
Energy, National Energy Technology Laboratory.

The WAVEWATCH III® Development Group (WW3DG) (2019). User manual and system documentation of WAVEWATCH III® version 6.07. Tech. Note 333, NOAA/NWS/NCEP/MMAB, College Park,
MD, USA, 465 pp. + Appendices.

Unites States Coast Guard (2019). Incident Investigation Reports. Retrieved from https://cgmix.uscg.mil/iir/.

Disclaimer: This presentationwas prepared as an account of work sponsored by an agency of the United States Government. Neither the United States Government nor any agency thereof, nor
any of their employees, makes any warranty, expressor implied, or assumes any legal liability or responsibility for the accuracy, completeness, or usefulness of any information, apparatus,
product, or process disclosed, or represents that its use would not infringe privately owned rights. Reference therein to any specific commercial product, process, or service by trade name,
trademark, manufacturer, or otherwise does not necessarily constitute or imply its endorsement, recommendation, or favoring by the United States Government or any agencythereof. The
views and opinions of authors expressed therein do not necessarily state or reflect those of the United States Government or any agencythereof.

Acknowledgement: Partsof this technical effort were performed in support of the National Energy Technology Laboratory’s ongoing research under the Offshore Unconventional Resources —
DE FE-1022409 by NETL’sResearch and Innovation Center, including work performed by Leidos Research Support Team staff under the RSS contract 89243318CFE000003.



https://www.bsee.gov/stats-facts/offshore-incident-statistics
https://cgmix.uscg.mil/iir/

N
T

Lucy Romeo, Madison Wenzlick, Jennifer Bauer, Jake
Nelson, Rodrigo Duran, Dakota Zaengle, Patrick
Wingo, Michael Sabbatino

= INATIONAL

em |[ENERGY
TECHNOLOGY
LABORATORY

Thank you!

Alec Dyer
alec.dyer@netl.doe.gov

U.S. DEPARTMENT OF

'ENERGY

https://edx.netl.doe.gov/offshore



https://edx.netl.doe.gov/offshore

| ]
- 2 4= DO E o TOr U DI E
L ] [ ]
.- .-. -
.oo. [N . ® . .

Key Variable Selection:

* Improved understanding of operational platform lifespans, by structure
type, to more accurately model expected lifespan

* Platformsin areas of more severe environmental conditions are removed

on average 8 years sooner than platformsin less severe areas (Spatial
autoregressive model)

% 94 92 90 88

= U Y . . ***228 records missing key information
i ini e I 0.43 0.26 0.02 0.23 0.18 variables (AIC) C4 Occurrences at Removed Platforms
T ; -+ Strongrelationship (0.95) between  *°
0.21 0.33 - . 70 ¢ *  FIXED Platforms
hurricanes and removal age . s s .
(Pearson’s Correlation) 3 e 88c,l " MIOPU Platforms
0.23 0.95 éso « 2535 gj.--s‘"g'"’ -------- Poly. (FIXED Platforms)
. . a3 25 ¢S s 2
001 0.15 * Potentialplateauinthe number 240 o353 5.&7% " R®=0.7207
' ' of times a platform can sustain 330 | §i3: 54
. . < i3 s °
filli,, | ©-16 extreme hurricane conditions s ERdrEES
(Ordinary Least Squares regression) Criiiit,
0%~
0 5 10 15

C4 Occurrences
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accuracy for ML model 1

Developing two machine learning models to:

1. Predictlife spanfor existing infrastructure using a Gradient
Boosted Classifier

2. Characterizeinfrastructure integrity overtime usinga Long
Short-Term Memory Artificial Recurrent Neural Network
(WATT)

1. Accuracy calculated as correct/total is ~90% requiring
no feature selection and model tuning

v_loss, t_loss

Neural Net Training and
2. With feature selection and heavy model tuning (>100 Validation Scores
variations in parameters) accuracy reaches 93%

3. Applies PyTorchto allow for quick changes to the

model and fast training on available GPUs Neural Net Model
tuningresults

4. Automated scripts for model tuning and feature
selection also speed up the testing of new models
Both models are accurately predicting the age of
removal for offshore platforms for 89% and 90%
of offshore platforms

*  Work continues to refine both models; to validation, reduce
dimensionality and overfitting, and incorporating additional
incident and metocean data

T External Interest: API, BSEE, BOEM, EPA, DNV, Lloyd’s Register, NOAA, Shell, SPE, USCG, and U.S. Steel
{ENERGY | NoHihe '




Task 3: Intelligent Risk Modeling for Offshore

Delivering novel resources for infrastructure integrity analytics

Key Accomplishments:

Built comprehensive
infrastructure dataset

Identified key
statistically-significant
variables correlating to
infrastructure lifespan

Development of novel
ML and advanced
analytic models to
predict existing lifespan
and risk

Technical report on
intelligent analytics (in
progress)

Integration of data,
models, ORM tools
through interactive
analytical platform

e, U.S. DEPARTMENT OF =1NATIONAL
e N: ENERGY
{¢ENERGY | Tiiise
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. NETL Offshore Common Operating Platform Viewer

Understand existing infrastructure integrity
Improve infrastructure design & performance

Minimize cost, maximize safety

Identify potential for extending infrastructure life for
DOE, industry, regulators, and other stakeholders

Predicted Age at

Removal (years)
0-11

O 11-20

O 20-30

O 30-42

® 4272

B sasemaps ) Toors @ LAVERs

Local Parameter Estimate|
Local R2 :
* 0516-0.684

Next Steps

* Fill data gaps
- Corrosiondata
- Resurrected
historical incident
data
Historical
metocean data

Refine & validate models
Expand to rig integrity
Full integration with ORM

Release data & models on
the online platform for
real-time prediction &
integrity assessments

Publish manuscript on
models for peer-review




