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Numerical simulation of Carbon storage

Advantages Drawbacks

Safety Model uncertainties
Parametric studies Parameters uncertainties
Cost and time efficiency Computational resources

CO, storage requires important amount of simulations

2) Bicheng Yan et al.

- Modify parameters to test scenarios

Explore recent breakthroughs in Artificial Intelligence to accelerate numerical simulation

@ CSSR
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Mathematical model and Numerical resolution



Mathematical model

* Incompressible two-phase flow in porous medium

0 . 0 .
@5(1—5)+d1v(vw) — 0. @5(5)+dlv(vg) = qg.
Kkry, (1 —S Kkro (S
Hw Hg

Mass conservation

Darcy’s law

Closure law



Numerical Resolution

P, S as main unknowns

Sy, = 1 =S auxiliary unknown

2,

Discretization
* Finite volume in space
* Implicit Euler in time



Numerical Resolution

P, S as main unknowns

Sy, = 1 =S auxiliary unknown

e Fully Implicit scheme

R[Sk, ot =0,
Rip(1.— 5Pt PR =00,

9 Discretization
* Finite volume in space

* Implicit Euler in time

=» Non-linear system of equations solved using Newton’s method

=» Unconditionnaly stable but large time steps can prevent Newton’s method from

converging

@ CSSR



Numerical Resolution

P, S as main unknowns

Sy, = 1 =S auxiliary unknown

e Fully Implicit scheme

R (ST Pt =0,
R.(1 — st prtly —0.

9 Discretization
* Finite volume in space

* Implicit Euler in time

Python library:
Yads: Yet Another Darcy Solver

=» Non-linear system of equations solved using Newton’s method

=» Unconditionnaly stable but large time steps can prevent Newton’s method from

converging

@ CSSR



Reservoir geometries

200 cells

Variable parameters :

1D » Well injection flow rate: q,
 Time-step: dt

11 MPa

10 MPa

5000 10 000



Reservoir geometries

200 cells
Variable parameters :
1D » Well injection flow rate: q,

 Time-step: dt

SHPCO2 benchmark?

95 X 60 cells

Variable parameters :
2D o |
* Initial saturation: S,

* Wellinjection flow rate: q,

 Time-step: dt

1) Florian Haeberlein 2011 Time Space Domain Decomposition Methods
for Reactive Transport — Application to CO2 Geological Storage.
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Global Hybrid Newton



Global Hybrid Newton

e Scenario :

0 Well opening

O Well closing
Transport




Global Hybrid Newton

e Scenario : Computational cost?

0 Well opening

O Well closing
Transport
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Global Hybrid Newton

e Scenario : Computational cost?

@ well opening Well opening requires 40 Newton iterations
O Well closing

Transport \ o O
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-------- Well closing
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Hybrid initialization: 1D example

Residual evolution through iterations
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10— 1 _5, xxx
] xx
102 3 x
b x
10-3 1 x
10-4{ g iteration 1 *
10-5 1 # iteration 20 .
% iteration 40
107°y g iteration 50
10-7 _ # iteration 63 »®

0 10 20 30 40 50 60



Hybrid initialization: 1D example

Pressure evolution through iterations

24

27 Implicit Pressure Solver

20 1 Pressure ,

16 ] - Solve linear system

Residual evolution through iterations ¢ |

iteration 1

1001E W 14 - iteration 20
iteration 40 : ( ( n+1 . n)) _ . ( ( n+1 n)) .
10775 xx*x 12 4 iteration 50 div Vw P ? 1 5 o O’ div Vg P ) S = qg-
102 e 10 iteration 63
b x T T T T T
10-3 4 x 0 50 100 150 200
10-4{ g iteration 1 *
10-5 ] = iteration 20 N
# iteration 40
107°y g iteration 50
10-7 # iteration 63 »®

0 10 20 30 40 50 60



Hybrid initialization: 1D example

Pressure evolution through iterations

24

27 Implicit Pressure Solver

20 1 Pressure ,

16 ] - Solve linear system

iteration 1

Residual evolution through iterations ¢ |

1001E W 14 - iteration 20
iteration 40 . n+1 _ocny) . n+1 n .
1071 s ] oranon 1 div(vy(P",1=5")) =0, div(vg(P""",S5")) = qs.
10-2 _ ": 10 iteration 63
10734 x 0 50 100 150 200
10‘4é # iteration 1 *
1o-5] * iteration 20 . Saturation evolution through iterations
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; —— iteration 1
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1077 tteration % —— iteration 40 . e .
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Workflow

Supervised training of
Generate data P . &
Saturation model

Plug saturation model
in Newton’s method

—> Cover large range of well —> Fourier Neural operator —> Compare Hybrid with
events Standard Newton’s method

Sguess = fB(Pimp:S; qg;dt)
@ CSSR



Data Generation

Injector 2

 Variable parameters o
* Well injection flow rate: q, € [107, 10°] m%s s o
* Well opening time: dt € [1, 10] years 0%

e Reservoir gas saturation: S € [0, 0.6]

1000

500 -

e Generate realistic saturations S

Injector 1

Productor

e Consecutive well opening and closing

0
1250
2250
2500
3500

* 3600 parameters combination

e
* 18 000 samples
 Computational cost K
* Run in parallel using MPI P
e 360 CPUs , .

3750
4750

dt! dt? £ de dt "4t :
e =36 hours 0 LT LT bt



Fourier Neural Operator?

Input Output
function function

Fourier Fourier Fourier
Layer 1 ‘ ‘ ‘ Layer T ‘

Projection

u(x)

Lifting

Saturation

Pressure

Inference:
Majority of the inference cost is in the Fourier Transform |
Fast Fourier Transform - Nlog(N)

@ CSSR
1) Zongyi Li, et al 2020. Fourier neural operator for

parametric partial differential equations.



Saturation model - Architecture

(128,95,60)

(Ni,95,60) (Nc,95,60)  (Nc,95,60) (Nc,95,60) (Nc,95,60) (Nc,95,60) 1x95x60

Fourier Fourier Fourier Fourier
layer layer layer layer

Input features Output feature

.
- Saturation

% CSSR

Implicit pressure




Saturation model - Training

e Dataset _ Train/Test loss

e 80% train / 20% test ] —— Train loss
10! —— Test loss

 Computational cost

e 132 hours on NVIDIA V100 GPU = m
 Hyperparameters 1073 | i-'---h--l--:.__

055

N s 0 2000 4000 6000
e Loss: 1 Isi—=5Sill2 Epoch
NZaj—q1 lsill2

e Batch size: 128
* Adam optimizer
e Starting learning rate: 104

Best model epoch 7295
Test loss 8.7 x 104
Train loss 9.3 x 104

Weight decay: 10

* Momentum: 0.9 @ CSSR



Results
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Standard Newton

Hybrid Newton
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Results

Saturation initializations :

Standard

<

Hybrid



Results

Saturation initializations :

Standard »

<

Hybrid

<

Solution



Results

Saturation initializations :

Standard

<

Solution

Hybrid

Residual evolution through iterations
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Results

20.0- ) ) . 20.0 -
® Newton iterations train set

® Newton iterations test set

Number of Newton iterations using

g
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Number of Newton iterations using Number of Newton iterations using
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B Acceleration
I
2.5 5.0 7.5 10.0 12.5 15.0 17.5 0
% of set data Test 39%
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Summary of Global Hybrid Newton

Advantages

Drawbacks

Acceleration of numerical simulation for a
large range of well events

Online phase affordable

Offline phase expensive :

* Data generation
* Model training

Constant well location



Conclusion and perspectives

* Integration of Hybrid Newton preconditioning in OPM

* Challenges:
* More complex physical model
* Training data generation cost
* Multi-well handling
* Heterogeneities
* Discretization

* Current developments:
* Local Hybrid Newton = Reduce training cost / Multi-well handling
* Generalized well model = Reduce Dataset generation cost
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