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Introduction to Joint:Migration Inversion

fd-modeling mg%re‘:}'l?rr‘g i';‘;‘;rii‘; FWMod Joint Migration Inversion (JMI) is an
/ innovative geophysical solution that
ingeniousl integrates the dual core
FWI  inversion f%ravé?ﬁg IMI prgcj)cessesy ofg velocity model
T ) 7 (e oo ) construction and seismic imaging
P - u o I “I~| into a unified algorithmic framework
e 2l ol Sl R = (Verschuur et al., 2016; Sun et al.
== o » | 2020).
o torer o I JMI integrates  velocity = modeling
- “! with the imaging process to jointly
o optimize  velocity and reflectivity,
T - . - | whereas  Full Waveform  Inversion

2000
3000

L = (FWI) focuses on directly inverting
2000 3000 x(;i.lU)UU 5000 property image 2000 3000 x(;@ﬂﬂ 5000 Subsurface properties from fu”

Kimage: densitv’velocitv/ estimation constructlonK F::’:g;:a trlf'I]e‘t:tellvol‘t:Yt,y ) waveform data .




Introduction to Joint Migration Inversion

In terms of computation

| Velocity Velocity process, JMI is divided
update fiece! into  reflectivity  update

and velocity (slowness)
| update , and the two are

—_ similar In algorithm
oo cmpaen 2570 - (ime® ) | process

v In practice, JMI adopts a
< iniiated Full wavefield | unique migration
data o I technique known as Full
Wavefield Migration
*=including multiples and transmission effects (FWM) (Berkhout, 2014b).

Closed -loop process: iterate until modeled
datafits the measurements




Introduction to Full Wavefield-Modeling

FWM takes a model -driven approach to
estimating its modelling operators, basing
them on a reflectivity and a velocity model
through a Full Wavefield Modelling (FWMod )
algorithm  (Berkhout, 2014a).

Forthe reflectivity update (Staal, 2015):

1. Update wavefelds within the chosen frequency band,
based on the most recent model estimates (one
roundtrip) and determine the new residual.

2. Calculate and optimise update direction for reflectivity
(oneroundtrip).

3. Calculate the Ilinearised wavefield perturbation
associated to the update direction, within the chosen
frequency band (oneroundtrip).

4. Calculate scaling parameter for the update direction
and finally update the reflectivity model.

Velocity

y

y
Field data Data comparison »f i Hiaration ) > Image (R)
Image update \\

A

Closed-loop process:
iterate until modeled data
fits the measurements

Full wavefield
modeling
(FWMod)*

*=including multiples and transmission effects

*FWModfaces increased computational and memory demands in 2-D and
3-D, leading to high costs and reliance on computation resources.
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= Step 1 (FWMod)
- Step 2
= Step 3
- Step 4




Our Motivation ' and ldeas

W hat is program performance optimization?

Program performance optimization is the process of modifying software so it runs more efficiently:
using less time, memory, power, or other resources, while preserving its intended functionality.
(en.wikipedia.org)

What are the optimization methods?

U Software level:

U Reduce the amount of computation (data)

U Use a fast convergence method

U Accelerate correlation computations using the acceleration library (e.g. CUFFT)
U Hardware level:

U Use CPUs with the latest architecture

U Use GPUs for computation

Misunderstanding .
performance optimization Oimprove accuracy / resolution

The efficiency of computation Is increased as much as possible while ensuring the
accuracy and resolution are close to the numerical JMI.



Our Motivation ' and ldeas

@ A To tackle FWMod
model computational load, we

utiize separate frequency
! processing : Using  direct

Field data Data comparison > Migration / > Image (R) COmpUtatiOl’l for >onie
P Image update { frequencies and frequency

interpolation

A 4

- Wav:ii’?:l"dsemlz)ﬂlelin Sparse .
o source* /) A We use a trained neural

Sparse
simulated

F

data .
7 network model to assist JMI
: In the modeling part : model
parse Full .
Wavefield* few frequencies and
*Traditional FWMod method use complete wavefield and source data by default, while the Al-driven InterpOIate the rest via

FWModmethod uses sparse data as input. M aCh | ne Learn I ng
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Our Acceleration Kernel Overview

A It does not relate to field data,
only FWMod data .
A Subset of shots need to be fully
modeled for training Vodeling (re)training

Subsurface model data, all frequencies

Extract frequency
subset for
(re)training network

Py T S AL BaRE .

Modeling rest of - .
—. —»  frequencies from
N . data, subset of freq.s s
seismic record in seismic record network

space-frequency
domain

1

i

OURET LW TWVRDE L W WY YR Y :

. - - ]
in space-time !
. ]
domain i

b I AT TTWR S WL AW

Update subsurface /

model via JMI




Neural Network Design: Attention:lU ' '-Net

&)
X
T
x
=3
X
—

IXxWXxHXxC

IXWXxHXxGC
IXxWxHXxGC

Sparse freq. data
2 channel (real +mg.)

IXxWxHXxGC

Reconstruct freq. data
2 channel (real Hmg.)

IxWxH;xG
IXxWXxHxG
IXxWXxH;XxG
IxWxH;xG

/ —> (ConvaaRelyx2 O\
- MaxPooling2x2
1X WX HsX G =g COnv2DTranspose 2x2

Gating

----- » Skip Connection
Schematic of the Attention Block
Signal

P Gating Signal
e The Attention Block

\ Conv2DTranspose 4x4 /

We use an adapted AU-Net architecture (Oktay et al. 2018), a refined deep convolutional neural
incorporates attention gates to enhance reconstruction

UpSampling
Input

IGate

network that
precision and robustness by focusing on key features .



Introduction to the Synthetic Data

2-D Lens-shaped Model | 2-D Salt Model 2-D Marmousi Model
(Staal, 2015 ) (Berkhoutand Verschuur ,2006) | (Brougois etal., 1990 )

nx, dx,nz, dz 104, 20, 51, 10 248, 20, 126, 10 248, 20, 170, 10
nt, dt 256, 0.004 300, 0.008 300, 0.008

fmin, fmax, fO 1, 40, 20 1, 40, 15 1, 40, 15

nsrc 104 248 248

Wavelet form  The Ricker wavelet The Ricker wavelet The Ricker wavelet
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Dataset Preparation: 2 -D Lens-shaped Model

True velocity 2600 FW M Od

Dataset Generation -
Training data
1. Generate complete ;

E wavefield data in frequency -

domain;

2000 select

ol AL, . and 3-D (x, nf, 2 channels) samples

. True reflectivity image retain the remaining (1- 40 Hz), ultimately generating a

frequencies to form sparse total of 10,000 samples.

100

data;

200

z[m]

00 . Defined the complete data Ground truth
as labels.

300

400

s including =
normalization via the

500
0 1250 1500 1750 2000

% [m]




Dataset Preparation: 2 -D Salt Model

True velocity model

FWMod

3750

Dataset Generation e
~_Training data
3000 1. Generate complete e
< wavefield data in frequency '
domain;
select
; — e . and 3-D (nx, nf, 2 ghannels) samplles
i True reflectivity model retain the remaining (1-40 Hz), ultimately generating a
frequencies to form sparse total of 10,000 samples.
p——— =
data; .
= oo : Delflnbe(il the complete data »G\round truth
~ as labels. e
800 ' “g’l- =
0.0 : . - 4"*
' including :
o1 normalization via the

1200

1000 2000 3000 4000
x [m]




Dataset Preparation::2  -D Marmousi' Model

True velocity model w00 FW M 0 d
Dataset Generation

3000

1. Generate complete
wavefield data in frequency
domain;

2000

T
2000

select

True reflectivity model

05

| . and 3-D (nhx, nf, 2 channels) samples
retain the remaining (1-40 Hz), ultimately generating a
frequencies to form sparse total of 10,000 samples.
data;

Defined the complete data
aslabels.

including
normalization via the



Preparation before« Training

SimEA (hosting on Cyclone) Cyclone HPC*: a hybrid CPU

and GPU system
Bespokesystem created for large projects Z3 g

e

The NN model is trained (data parallel) on = —
10,000 samples (each velocity model) using | | e

one GPUnode (4 GPUS)

A 2x24-core sockets with Intel XeonGold 6330
A 4x NVIDIA A100-SXM4 40GB GPUs

A 512 GBmemory

Building NN model with Keras framework

(TensorFlowbackend)
~F’ K <SINVIDIA.
TensorfFlow Keras *https://hpcf.cyi.ac.cy/




Preparation before Training

Metrics To Evaluate Machine Learning Model: In addition to Mean Absolute Error (L1 Loss),
the quality of predicted data is evaluated by Structural Similarity Index (SSIM)and Peak Signal-
to-Noise Ratio (PSNR) which can provide an objective evaluation of data reconstruction quality

and similarity.

L1 Loss

This gives an average measure
of the absolute difference
betweenthe two images.

M-1N-1

1 . -
MAE = == > |L(i.j) ~ L(i.j)

i—=0 =0

SSIM(X,Y) =

SSIM

It is a measure of the similarity
between two
luminance, contrast, and structure.

images based on

(2uxpy + C1)(20xy + Cs)

(p

2
X

+ Ju%- = CH](J%— = G'-f- + Cs)

PSNR

It is a metric used to measure the quality of
image reconstruction by comparing the
maximum possible value of the image to the
mean squared error between the original and
reconstructed images.

——— ) [:L.!*]
PSNR = 10logy, | ——rermee————
> im0 20 H1(E7) — L(4, §)?

MN Lai—0 Laj—




Preparation before Training

Epochs 200

Batch 32 Global batch size: 128

Learning Rate 0.01 ReducelLR

Validation Split Rate 0.2 80% for training; 20% for validating
Reduce Learning Rate Monitor: min validation MAE Min Learning Rate: 0.00001

Early Stopping Monitor: min validation MAE Patience: 10 Epochs

Training data shuffle

Adam Default settings from TensorFlow
Mix Loss 0.5 * loss in time domain + 0.5 *loss  Time loss + Freq. loss

in freq. domain
UNCINNN: e e 0 7 @ {5 Mz |QQQO 5 QQOO |
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Training Results and Evaluation

L1 loss vs Epochs

: —— Train set
| —— valset
0.010 - | —-- Early Stopping
I
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Frequency Domain PSNR vs epochs

0.9976

| = Train set
y  — Val set
——- Early Stopping

PSNR

55 1

50 4

45 1

40 4

35 A

30 1

—— Train set
—— Dev set
—==- Early Stopping

55.0958

T T T T T
10 15 20 25 30
Epoch

T T T T
5 10 15 20 25
Epoch

The training took 30 epochs (14 seconds) to complete.

T
30




Training Results and Evaluation

Real Part (2-D lens -shaped model )

Input shot profile channel 0 Predicted Ground Truth Difference
0 0.100 0 0.100 0 0.100 0 0.100
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Testing Dataset: AvgMAE: 6.7011e04 - AvgSSIM: 0.9968 AvgPSNR: 54.0424
O



Training Results and Evaluation

L1 loss vs Epochs Frequency Domain SSIM vs epochs Frequency Domain PSNR vs epochs

T T T
0.014 —— Train set | 1.00 1 1 —— Train set '
—— val set | i 5o | — Devset !
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The training took 36 epochs (252 seconds) to complete.




Training Results and Evaluation

Real Part 2-D Salt Model)

Input shot profile channel 0 Predicted Ground Truth Difference
0 0.100 0 0.100 0 0.100 0 0.100
—— 0.075 0.075 0.075 0.075
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Testing Dataset: AvgMAE: 6.8312e04 - AvgSSIM: 0.9986- AvgPSNR: 52.7893



L1 Loss

Training Results and Evaluation

L1 loss vs Epochs
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=== Early Stopping 377154
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The training took 67 epochs (469 seconds) to complete.




Training Results and Evaluation

Real Part 2-D Marmousi Model)

Input shot profile channel 0
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Imag. Part (2-D Marmousi Model)
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Testing Dataset: AvgMAE: 0.0028 AvgSSIM: 0.9765 AvgPSNR: 39.5327
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Inference

Inference

Preparation before

Preparation before

s

A 4
Sparse Full
wavefield modeling

(SFWMod)

3 ..‘
MY HIIHTE
...nou. umm
..._“"u».u
T8 eana

$r23it”
HHHT
L T

T
il

1x NVIDIA A100-

P

=)

TensorFlow

DLPack




Numerical Experiment for:Reflectivity Update

Est. Reflectivity, iter: 25 Est. Reflectivity, iter: 25
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Numerical Experiment for:Reflectivity Update

Est. Reflectivity, iter: 25
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