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Background

Geological Carbon Storage (GCS): What is it?

Involves capturing,
transporting, and storing
greenhouse gas emissions in
the ground

50% reduction of greenhouse
gas emissions required by

2050 to avoid 1.5 °C (IPCC
2018).

60
/ Reductions
20 . achieved

~
o

Global Emissions (Gt CO,)
S &

P
o

\ Reductions
% | still to be
\ .
\¥ realised
\
\

— Historic data
----- 2003-2013 trend
----- 2013-2018 trend
..... 50% by 2050

” .
1800 1850 1900 1950 2000 2050

Year
Ringrose, P. (2020)

o

2100

Range of pathways from
IPCC (2018) report on
1.5°C warming




Ringrose, P. 2020. How to store CO2 underground: Insights from early-mover CCS Projects, volume 129. Springer.
Jun, Y.-S.; Zhang, L.; Min, Y.; and Li, Q. 2017. Nanoscale Chemical Processes Affecting Storage Capacities and Seals during Geologic CO2 Sequestration. Accounts of

Chemical Research, 507 1521 -1529. PMID: 28686035.

Background

Geological Carbon Storage (GCS): How is it stored?
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Background

Geological Carbon Storage (GCS): Is there a risk?
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Background

geophysical time-lapse monitoring : GCS application

Wellhead data

Seismic imaging
(reservoir and overburden)

il

Near-surface
geochemistry

-~
.......

-
- -~
.......

-~
-~

-
way

-

-~

Gravity
field, 6G

T

NN

Microseismic
and strain
_ measurement )

\

Increasing amplitude

1999

1 km

Injection point
7

/S

2001 2002 2004 2006
Eiken et al. 2011

2008

&

Down-hole data:

CO, plume

Down-hole gauges
and/or fibre optic

sensing y

T100m

1000m

Adapted from Ringrose (2020)

PLT flow log
—Bottom-hole pressure —Fracture pressure Injection in Tubaen
— —=Injection in Stg * Seismic acquisition
410
: Fluvio-deltaic reservoir
> 390
\’
; 2
/‘-“' 8 350 +— Y !
% £330 - ,_
30 2
/ 9310 | \
~. . \b\.
s 290
{ - 270 WW\
. =5
P I . 250 R | — ¥ -4 x
: 06.08 06.09 06.10 06.11 06.12 06.13
< lal Date

Down-hole pressure data

Hansen et al. 2013; Pawar et al., 2015




Wood et. al, Locked away — geological carbon storage, The Rovyal Society, October 2022
Ringrose, Philip. How to store CO2 underground: Insights from early-mover CCS Projects, 2020.

CO2 plume forecasts based on fluid flow simulations alone are uncertain
» can not expect precise predictions of regular & irregular flow
» need to constrain CO2 plumes by incorporating monitoring data

Calls for a principled approach using techniques from ML & data assimilation to
» Incorporate time-lapse well & seismic data jointly

» assess uncertainty in CO2 plumes to inform policy decisions


https://royalsociety.org/topics-policy/projects/low-carbon-energy-programme/geological-carbon-storage/

Methodology
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Training & sampling

w/ Normalizing Flows (NFs)

SLM@®

ML4Seismic

w (%)

Training:

Sampling:

X ~ py(X)




Ardizzone, Lynton, et al. "Conditional Invertible Neural Networks for Guided Image Generation." (2019).
Radev, Stefan T., et al. "BayesFlow: Learning complex stochastic models with invertible neural networks." IEEE transactions on neural networks and learning systems 33.4 (2020)
Cranmer, Kyle, Johann Brehmer, and Gilles Louppe. "The frontier of simulation-based inference." Proceedings of the National Academy of Sciences 117.48 (2020): 30055-30062

X~p(X|y)

Given simulated training pairs (X, y)
» amortized training of CNFs to sample from the posterior p(x|y) for any y
» when trained, CNFs solve inference problems by generating samples X ~ p(X | y*)

» samples are conditioned on observed data, y*



Given simulated training pairs (X, y) for the CO» saturation & saturation/pressure at wells
» amortized training of CNFs to sample from the posterior p(X|y) for any y

» when trained, CNFs solve inference problems by generating samples X ~ p(x|y™*)

» sampled CO2 saturations are conditioned on observed CO2 saturation/pressure &
seismic data, y*
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Dataset Generation
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Dataset Generation
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fluid-flow
physics

E) Jutul
B JutulDarcy

seismic images
+
well data

R O A R T L SN R L 1! e LN
:«(":"‘I‘If.:l(. "“.‘;“;’l'"ﬁé.,“'j,‘lﬂ’..c}ﬁ :\'.h:'y. 4 ‘:"“.\‘.]"""a lr::
A TN N \\ T OGNS Y
‘.. 'c“- “\': \'l‘(’\.ﬂ‘\\ l" \'! 1""‘:',0.. ..l\"\.l.'l *(‘I\'l‘.J' ) 'I“':
A AU — s X MV KRR NS
M “4‘ MM SNTL S L

| 5‘\ y.,l“., "’:;.C‘ '
Vo '/&\ Ly

A2 BAN s WAL & AT A ST
w:,"\',-l.olp. (s ul. :‘;)u'/‘:,‘-\]".4').'."‘:‘{':,‘:'.4" /
SN AN
e / (H
] ".' ',n\\}’ {'v‘,'.'\ \."- :.'

S AT
W ' 'ku.;y’."("."“ A 'i\'.'~t::"‘;‘;,.,‘,)»;‘:.'otﬁ{, _
" A | Wi AN
NNV L*u}*\a‘a’.’ R Al ) N
. . - 'y . . 1'. W
| el S i AR AT
' "'v',‘.\".‘\ A WS WA e

7 NP s LR DAY M A 1 TS SR
} ::ld‘"? 'V;\ I',\ ".). :;.'::\.\,.‘:"L.A‘A“\\" ‘:‘n .'.,‘ i .I, Jt‘_‘ v
VUL D A T A AN
MY, A\ PNy -"-Wr‘ et
N " N "*:\'J*(:\""\';'\“’,{L,1.“.".:‘: "J"‘~':)\““J :
NS e iy N TGl
WO “"' '1‘.“. Iy :,\ s
) \\ & I\:‘\ v'\\;- v, L\ /

N

LN e M e Gt ATt U L
. n'p:".' 1“.““ LN \\y "1-4'?-7“"",('I”\\JW *“. ‘fl'.\'\.""\" ‘r.:,
L A AT s OO RO 1 7 a POAANAL DL U S e 6 s
AN :1' A }.'H “\ Iy ) £t ‘N Jl \ "‘:/"' '
v ,,:'\. ".. “ ‘hm“":l".‘:’lo.l. \ U,',‘l .:‘\,‘f 5’-‘! ,

. ’ \ - . » p ’ . KX

WO enUiCat iy 1A
PU LA
”

-y - l SNCR daties
seismic N o
- \ J \\“ . o A\ '~,L‘¢~:\o’\
u u .
imaging

L "

-
."A,':.‘fln

\V,"o‘('

AP I
NN b L
f’,fﬁ,;\f/,'.:;:'n‘f;"/"
N A ':/f
L4 4/
’

s N

..

DEVITO


https://doi.org/10.5281/zenodo.7775759
https://doi.org/10.5281/zenodo.6108644
https://doi.org/10.5281/zenodo.3878711

ML4Seismic

Training Configuration & Results
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A dynamics operator  # observation operator

Conditional Normalizing
Flow (CNF)

Ki ~ p(K) y =,y yh) Unseen observations

Permeability Saturation

Predicted Saturation

Train on pairs of{ X!, yi}?il

K permeability model
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Ground truth Posterior mean SSIM=0.97 Posterior sample
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