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Ocean and Geohazard Analysis N=
Advanced Analytics to Predict Hazards to Offshore Infrastructure TL
o) 7 T | | 18 Why is this work important?
30 L 16 Limiting environmental and community impact
14 and improving safety of offshore operations
and legacy infrastructure depends on
.2 112 forecasting and avoiding hazards.
E - 10 Issue/R&D Need
E 29 ‘_,3;;; , 18 * Technology that integrates big data and
7 | 6 science-based analytics for offshore hazards
\ ' does not exist.
' 4 - Advanced analytics can offer near real-time
: 2 assessment of risks, integrate different hazard
| | types, and also forecast vulnerabilities.
0 . .. .
-86 -82 (m) « Packaging analytics in a flexible smart tool

Longltude QGA
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improves accessibility and forecasting at

multiple scales.




Offshore Task é: Infrastructure and Metocean Background

Moltivation

 Demand on offshore Exclusive
Economic Zone (EEZ) in the U.S. and
around the world is increasing, with
offshore infrastructure expected to
increase 50-70% by 2028.

 Beitween 2004-2008, 181 siructures
and 1,673 wells in the Gulf of Mexico
were destroyed by five hurricanes. < om

Erin (1
Opal (1

- Climate change is projected to
intensify exireme events and
increase their frequency.
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,;Q— Carol (1953)
Qm (1968)
Edna (1954}

-

.\: " Edna (1954)

Bob (1991)

Sandy (2012)

Saffir-Simpson
Hurricane Categories
(at Strike or Landfall)

Sustained Winds (mph)

74-95 () Category 1
9%-110 () Category2

%4, 111-130 @ Category 3

131-155 @ Category 4
>155 @@ Categorys
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Mention hurricanes in figure 


Offshore Task 6: Infrastructure and Metocean Approach N = |NATIONAL
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Approach: Assess and predict offshore
hazards . P
Taylor Energy oil platform, ’
- Hazards related to the metocean and seafloor destroyed in 2004 during Hurricane -
environments include seabed instability, g L . -
exireme wind/wave/current events, Ivan, is still Ieaklng in Gulf

earthquakes, hazardous material spills

Mark schleifstein, NOLA.com | The Times-Picayune JUL1, 2013 -5:05 PM
B 5 minto read

 Hazards are often interrelated. Example:
Hurricanes are offshore hazards and drivers of
other hazards, such as submarine landslides.

« Offshore structures impacted may include: L eew Site of felled
; £ Taylor Energy

* Petroleum and carbon storage platforms _ - oil platform
(both legacy and active) : ’

 wind energy
« pipelines

* bridges Site of April 20, 2010, BP %
o tunnels Deepwater I-I0|on accldent

NOLA.com | The Times-Picayune

« undersea internet cables
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Task 6 - Infrastructure and Metocean Technology

Research Problem:

. Changes in the ocean environment (i.e., climate change, mudslides or burial from subsea
currents, strong weather events or natural fluctuations) have been linked to billions of
dollars of impacts.

+ These events can have a significant effect on the success and longevity of offshore
infrastructure, as well as affect safety and cost during exploration, production, and storage
activities.

Research Approach:

. Determine current state of knowledge regarding hazardous metocean and bathymetric : :
conditions, and data availability regarding these conditions and historic events. Terﬁ?ﬁﬂﬂﬁﬁﬂs'Tw;g?\,ylfm?uze,l}fﬂflco
{orange) |

. EY19-EY20: Evaluated if Al/ML models can be developed to better identify current
hazardous metocean and bathymetric conditions. Developed, trained, and tested Al/ML
models to identify conditions and forecast changes and vulnerabilities to offshore
infrastructure.

. EY21: Refine Smart Tool to host Al/ML models and develop user interface. Develop
forecasting and integrate selected hazard types into tool. Release desktop version at end
of EY.

. EY22+: Refine analytical logic and functionalities through user testing. Build metocean and

seabed hazard database for release on EDX. Report research in technical report or
publication. ﬁ GA

Be n efit: Ocean & Geohazard Analysis

. Improved characterization of seabed-related hazards in the offshore can help prevent
catastrophic incidents that impact the environment, coastal communities, and their
economies.
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Move quickly– discuss work for each fiscal year , breeze over the rest �
MMM �Getting more specific. Brand the task work. Emphasize quantification of impacts in terms of cost. ��Research approach is here for reference, but the key benefit of this research is… (elaborate on benefit)��
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Approach for Infrastructure and Metocean Technology

—_——

 Ongoing work:

* |dentify datasets for

diverse hazard analyses Collect large amounts of data,

| integrate from multiple sources to

| support analyftics

« Digitizing old & unstructured
data sefts

« Aggregating all open-source
data available nationally and
internationally

* Develop analytical
framework for an Ocean
& Geohazard Analysis

(OGA) Smart Tool ﬁ GA

Ocean & Geohazard Analysis

* Train and validate Al/ML
models

» MetOcean stafistical and

orobabilistic analyses Novel analyses of these datasets using:

* Machine Learning

* Nonlinear Dynamics

* Prediction Statistical Intervals

 Monte Carlo simulations

* Dimensionality reduction
methods

* Liang causality

* Release tool, data and
models through the
online platform hosted
by Energy Data

eXchange (EDX) = YA\
=N

Energy Data eXchange
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NETL's Geo-Data Science & Discovery

Developing &
innovating
dataq,
metadata, &

Analyze ~ tools for a

& Optimize ANgE of
needs

£

R

structure

Integrate
& Label

Explore & Transform

Move & Store

[
"_: o
[
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= S\

E=EVA.

Energy Data eXchange

"»  N=TL

- SmartSearch

SmartSearch automates
data discovery through
user preferences, web
searching, and
analyzing data
relevance

NETL's SmariSearch used
to build a seafloor
sediments database to
support analyses
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This slide might look familiar if you attended the geohazards and subsurface uncertainty presentation earlier, and key for the Ocean & Geohazard Analysis tool is that we are integrating these data, metadata, and tools to strengthen the smart tools capabilities in assessing offshore hazard predictions. Here we show an infographic elaborating on how keywords and documents are used as seed sources within NETL’s SmartSearch tool, which automates data discovery through user preferences, web searching, and analysis of relevance. We’ve used SmartSearch to build a seafloor sediment database to support our bathymetric analyses and feed information into the OGA Smart Tool itself. 


OGA Smart Tool Interface

&3 Ocean & Geohazard Analysis

File Help

Select Region Select Hazards

T

Current Event

Results

Logs

Earthquakes
Landslide Susceptibility

Wind Event

Run Hazard Analyses

Analysis

CIIAM Climatological Mean Region

0.100
Details
Month: January

Region Extents [ 741662.375, 1247007.75, 1115882.25, 1427176.375]

Hazards: CIIAM (Hazmat Spill), Current Event, Earthquakes, Lendsiide Susceptibilty, Wind Event

1.500 [] smooth Data

S

GA

Ocean & Geohazard Analysis

NATIONAL

ENERGY

TECHNOLOGY
LABORATORY

Ocean & Geohazard Analysis

= Help
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select Region Select Hazards Analysis
Select All Approach:
Hazards E] select Al
[ ClIAM [Hazmat Spill) ML Data Sources
[ Current Event E Aspect
[4] Earthquakes [~] Basins
I:‘ Landslide Detection E Canyons
[ Channels
[] Wave Event [ Curvature
[ Wind Event [ Escarpments
Hurricane [ Faults
[ Gas
[ Hydrates
[ Mud Velcanoes
[ Pockmarks
] Rugosity
[ salt Diapirs

[] Sediment Accumulation Rate
E Sediment Thickness

[] Sediment Type

[] Seeps

[ Slope

Using: |Pre-trained
Algorithm: @
New Model Trainin
Custom Trainin
Custom Landslj
Custom Non-L,
Qutput Trained M

Prediction Qutput:

I:‘ Save Statistics:

. Ocean & Geohazard Analysis

File Help

Select Region Select Hazards

Analyses
CIIAM (Hazmat Spill)

Current Event

Earthquakes

Landslide Susceptibility

Run Hazard Analyses

Results

Logs

Analysis

- [m]

+ data

Western

— Weibull

Weibull T

Extreme Value

10°

10!
Return Period

10?

10?

Sampled Distributions: Weibull
Sample Intervals (years): 10, 15, 25
Sample Regions Western, Central

Region Extents [ 741662.375, 1247007.75, 1115882.25, 1427176.375]

Hazards: CIIAM {(Hazmat Spill), Current Event, Earthquakes, Landslide Susceptibility, Wind Event
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Here are several screenshots of the OGA Smart Tool in development. The tool allows users to interact with their data and either select prepackaged models or integrate their own models. Ultimately the tool will provide forecasts of areas more susceptible to metocean and seafloor hazards. 


Ocean & Geohazard Analysis Smart Tool Workflow — |NATIONAL
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Choose
offshore
region of
inferest

Select hazards Select Advanced risk

for risk fype of analytics and spatial
assessment analysis visualization

- ______._ __________________________

Default data, |  Custom data,

0 All known i i

hazards ; default - default |
0O Mudslide “analysis analysis *
d Wind event Default data, | Custom data,
dWave event  |icustom custom
d Current event | analysis analysis §

d Erosion

A Earthquake
d Hurricane
d Hazmat spill
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We’d like to walk you through the OGA Smart Tool workflow before we examine some of the models developed for individual offshore hazards. Within the tool, a user can select their offshore region of interest, which hazards they would like to assess in that region, select the type of analysis– whether that is data or analyses provided through the tool or they are provided by the user. The tool then utilizes the appropriate risk analytics to produce spatial visualizations of potential offshore hazards. I’ll now pass the presentation to my colleague, Rodrigo, who will discuss the models in development in detail. 


Landslide Detection

Obijective: Using high-resolution seafloor images, develop @
data driven neural network model to identify the locations of
submarine landslides.

Model Design

« We use as a base the Fully Convolutional ResNet model, a
prebuilt network available with the PyTorch framework.

* The model performs semantic segmentation to create an
output mask highlighting landslides given an input image.

Challenges

« Inconsistent labeling, with different experts highlighting landslides at
varied resolution the masks do not consistently encompass the same
features. To overcome we have created a small scarp dataset with
three reviewers to improve consistency and feature clarity.

« Small dataset, to improve the size we augment our dataset by
flipping rotating and scaling existing images.

*  Most models are designed for three band input images
(Red/Green/Blue) while the images we use have seven bands. To
solve this, we modify an existing model to accept the seven-band
input image.

U.S. DEPARTMENT OF
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The model trains on Image and Mask
pairs shown below.

It is given an input image and scored on
how accurately it can produce a mask
for the image.

e : ﬁmgw
i The transfer oflnforr:;t\;);g?rwordlnoreS|du0I : T IE%SR?TL&SYY
e Prediction Mask
,~ Forward Propagation
/b e ) ;o > (example)
b,*h*w
bs*h*w
b, h*w
bs*h*w

Backward Propagation

Training Mask

)
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N Most recent results (left) show the two
o output layers of the network (bottom C, D)
‘ which are combined to create the
o prediction mask (A) with the ground truth
- (B) for comparison.

0 200 400 600 800

Training Mask

200 200

400 400
600

800

0 200 400 €00 800

0 02 o+ o5 03 10 Early model output
e, S (right) showing low
| T likelihood of landslide

200 1

(black) and high
likelihood of landslide
~ 8 (white). Results show

0 X0 w0 0 w0 W0 w0 w0 % model identifying
oo e e terraces and basins as
high likelihood of
landslide areas.

Mini-Basin
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Landslide Susceptibility

.I e ':'_“‘L"; 1‘( { Sft‘-.‘lIectt Regtion 2
Two approaches for J | L |

and |YZ|ng SeCIﬂOOI’ Landsjide Condt:cive
Triggers Conditions

landslide potential in the
GOM Choose layers

based on ROI

+  Slope

+  Curvature

+  Sediment Type
»  Geomorphology
« et

—

Apply Risk Criteria
to each layer

1. Risk-based Approach i -

2. Machine Learning (ML) 1
Approach

Split into training and validation

datasets
Sum all risk criteria scores | Train and validate models using
l advanced analytical methods
o [ T
summation score
Fo T O
LA L@ [ Output Landslide Predict] I ke
W) ¥ 1 Susceptibility Landslide - [&Y ‘
Map Susceptibility ‘!’f A
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2 approaches

Risk-based approach, walk through workflow
Triggers and conducive conditions
Based off a paper by Hitchcock et al., 2010
Output map shows where high risk triggers and conducive conditions are spatially (>= 0)

2nd way, ML approach
Train multiple models to find the best performing one. binary
Output is the probability of a pixel being a landslide (0 to 1)

Transition: Importance of using two approaches



Landslide Susceptibility Results

Risk-Based Approach

Landslide Risk Factor

[1 Landslide
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Presentation Notes
Mention adjusted approach for metocean in shallow region OR blank shallow regions.

Metocean factors not playing role in deep regions

Zoom into regions and explain pros and cons

MSRD: high sedimentation rates, increasing slope
Escarpment: mini basins

Data limitations shown (sediment type patches, fault lines)

What are our solutions?
Try VGM, CSIL



Landslide Susceptibility Resulis
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ML Approach

e Utilizing the same input criteria along
with robust ML models to predict
landslide potential.

* Gradient Boosting Classifier (GBC)
 Artificial Neural Network (ANN)

* Improving accuracy using tuning
methods.

* Hyperparameter random search
* Dimensionality reduction (SVD)

» Testing/validating models at various
spatial resolutions (250 m, 500 m, 1,000
m, 2,000 m, 4,000 m).

. U.S. DEPARTMENT OF
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Predicted Seafloor Landslide Potential
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Accuracy
evaluated against
validation dataset

GBC: 70.0%
ANN: 65.3%

©s ENERGY
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Currently training 8 statistical ML models

Training in multiple regions with varying geomorphology and geohazards to better generalize in all areas of the GOM

Accuracy is low on unseen data, this is looking at a smaller scale (size?) size bar

More research is needed to investigate accuracy and how to improve accuracy in areas of little to no data

Tools: qualitative knowledge, interpolation, synthetic data sets, 
Ideally: train on data that we have, but we have avenues that we are investigating

Transition: take a step back and talk about some of the limitations of ML


Landslide Susceptibility Results N= A
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ML Approach with Variable Grid Method LABORATORY

* The Variable Grid Method (VGM)
(Bauer & Rose, 2015) utilized to
visualize spatial uncertainty.

* Smaller grid sizes indicate a higher
certainty of model predictions for that
region while larger grid sizes indicate
lower certainty.

: MA_BM ﬁ LE Predicted Seafloor Landslide Potential 5

N
¥ Low [ | High C——Miles j/}*
) &RE D Variable Grid Method

L 1 Uncertainty determined using radial mean accuracy
METHOD

Eﬂ Grid cells with accuracy > 0.65

HH Grid cells with accuracy > 0.45
I:I Grid cells with accuracy > 0.28

O Feature map
extent

U.S. DEPARTMENT OF
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Currently training 8 statistical ML models

Training in multiple regions with varying geomorphology and geohazards to better generalize in all areas of the GOM

Accuracy is low on unseen data, this is looking at a smaller scale (size?) size bar

More research is needed to investigate accuracy and how to improve accuracy in areas of little to no data

Tools: qualitative knowledge, interpolation, synthetic data sets, 
Ideally: train on data that we have, but we have avenues that we are investigating

Transition: take a step back and talk about some of the limitations of ML
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40 1

38 1

36 1

34 1

32 1

30 -

28

wind velocity (m/s)

26 - ® Measured
——GEV distribution

24 -

22 -

0 5 10 15 20 25 30 35 40 45 50
Return period (years)
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7 T 1 T 18 IR 18
i a) b)
« Approach to wave modeling 3o . 16 30 16
« Creating synthetic physics- ‘ 14 14
based fropical cyclone 06 : 112 56 142
events in collaboration with o _ L % o
MIT 3 O DR _ T 105 i 110
- Critical for changing climate 52, — 18 B2k - ! 8
risk projections o oy 6 i {6
-  Waves are common f | e 4 f . 4
catastrophic events to 18 , 18 :
infrastructure, submarine y - 2 ! 2
landslide and mass ' ' ' 0 ' | - |,
movements -98 -94 -90 -86 -82 (m) -98 -94 -90 -86 -82 (m)
Longitude Longitude

* Modeling and forecastin
climate, ocean, and seatloor
conditions within a flexible,
Al/ML-informed Smart Tool
can accelerate and integrate
offshore hazard assessment.

/ ﬁ’l ENERG' _
R EEEEEE——————— S ———

Significant wave height for the 100-years return period obtained from
the GCM derived events ensemble for the (a) present and (b) future
wave climates. Blank areas denote regions where less than 4 models
show the same trend.




Self-organizing Maps — An Unsupervised Neural Network [N=[NaAToNAL
TL TECHNOLOGY
LABORATORY
35
30 -
25
UQJZO- MVJMM“’M
=) 0.05 |
=15 — E
E“" lé,,oJFMAMJ..JASOND
5] gos |
0] w05LN/“Mw%FM,wfvfvaf«a\a\M\\wv~¢£
N -90 -80 -?o -60 -50 -40 0.4 j

LONGITUDE
I 1 ‘

1 2 3
SOM pattern
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Self-organizing Maps — An Unsupervised Neural Network [N=|NATONAL
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Velocity (m 3'1)

(3)11.23% N (6) 11.82% N % (9) 3.22%
Fo e — = ¥ AN ¥

-90 -80 -70 -60 -50 -40 -30 -90 -80 -70 -60 -50 -40 -30 -90
LONGITUDE
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Collaboration and external interest
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External CIAM Users

Country Research Institute. Study region Status
Spain ICM Marine Science Institute Spain. Mediterranean Publication in progress
India National Institute of Oceanography India Gulf of Bengall Publication in progress
Mexico Engineering & Coastal Processes UNAM Mexico anbtcjii?rre]rﬁ Loop Publication in progress
Brazil National Institute for Space Research Brazil Tropical Aflantic Published by a Nature journal
. Maslo, A., et al. (2020).
. CICESE Ensenada Center for Scientific Research and ) ) o
Mexico Higher Education, Mexico Deep GoM h’r’ros.//d0|.<8r]<19/}8g20276/|.|morsvs.2
C e Gough, M. K., et al. (2019).
. CICESE Ensenada Center for Scientific Research and ) .
Mexico Higher Education, Mexico NW GoM h’r’rps.//d0|.orc(1)/21 (?7']1] 75/JPO-D-17-
United National Oceanography Centre - .
Kingdom Marine Systems Modelling Group North Sea Preliminary results obtained
Saudi : - .
. Red Sea Modeling and Prediction Group KAUST Red Sea Work in progress
Arabia
France IRD/OCEANS/LOPS/IUEM TBD Planned for later this year
USA UNC at Chapel Hill Aflantic wind Preliminary results obtained
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BOEM

Bureau or Ocean Enersy Manacement
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Key Takeaways
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Variable Grid Method
Uncertainty determined using radial mean accuracy
EH Grid cells with accuracy > 0.65

Bﬂ Grid cells with accuracy > 0.45
I:I Grid cells with accuracy > 0.28

Products available at
hitps://edx.netl.doe.gov/offshore/

O Feature map
extent
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Advancing the current state of
knowledge, supporting offshore
activities, forecasting risks to
maintain environmental integrity
that may evolve with a changing
climate.

Improved characterization of
metocean and seabed related
hazards will help to prevent
catastrophic incidents as human
and engineered systems
integrate with natural systems in
the offshore environment.

2GA

Ocean & Geohazard Analysis
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VISIT US AT: www.NETL.DOE.gov
@NETL_DOE

@NETL_DOE

@NationalEnergyTechnologyLaboratory

Contacts

r.duran@theissresearch.org
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