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Problem!
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Low-frequency data in FWI!
!
-  Inverts large-scale velocity structures!
-  Less chance to get stuck in local minima!
-  Reveals deep model structures / below salt!

w/o


with


fHigh!

fLow!

Multiple!
local minima!

Smooth!

(Fei et al., 2012)


(Baeten et al., 2013)


(Kazei et al., 2016)!
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Existing solutions!
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FWI with different misfits!

(Bozdag 2011, Choi & Alkhalifah 2013, Leeuwen & Herrmann, 2014 …)!
!

(attempt to convexify inversion)


Regularization (TV, Hermann)


Adaptive Waveform Inversion

Waveform Reconstruction Inversion


WRI - The method generates 
‘wavefields’ (called data-

augmented wavefield) which 
satisfy the observed data as well 

as the physics of wave 
propagation in a least-squares 

sense. Because this will cause the 
fields to fit the data to some 

extend, regardless of the 
startmodel, this method does not 

get stuck in a local minimum!

Pros:

-  Established workflow!
-  Direct image quality control!
Cons:

-  Computational costs!
-  Prone to event mismatching!
-  Sensitivity hard to control!

Kalita et al., 2018 !
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FWI with update conditioning!

!
(Alkhalifah, 2015; Kazei, et al., 2016;!
Yao et al., 2018; Ovcharenko, et al., 2018 ) etc…!
!

(attempt to convexify inversion)


Regularization (TV, Hermann)


Adaptive Waveform Inversion

Waveform Reconstruction Inversion


WRI - The method generates 
‘wavefields’ (called data-

augmented wavefield) which 
satisfy the observed data as well 

as the physics of wave 
propagation in a least-squares 

sense. Because this will cause the 
fields to fit the data to some 

extend, regardless of the 
startmodel, this method does not 

get stuck in a local minimum!
Pros:

-  Easily accessible sensitivity!
-  Direct image quality control!
-  Can be used together with any misfit!
Cons:

-  Computational costs !
-  Prone to event mismatching!

Ovcharenko, et al., 2018!
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FWI with bandwidth extrapolation!

Extrapolation of low-frequency data




Pros:

-  Cheaper computations!
Cons:

-  Not well explored robustness!
-  Wavefield approximations!

(attempt to convexify inversion)


Regularization (TV, Hermann)


Adaptive Waveform Inversion

Waveform Reconstruction Inversion


WRI - The method generates 
‘wavefields’ (called data-

augmented wavefield) which 
satisfy the observed data as well 

as the physics of wave 
propagation in a least-squares 

sense. Because this will cause the 
fields to fit the data to some 

extend, regardless of the 
startmodel, this method does not 

get stuck in a local minimum!
Analysis of time-series  

Decomposition to individual events

etc…



Machine learning - this study.
Hu et al., 2014; Li & Demanet, 2015, 2016, Ovcharenko et al., 2018)


etc…
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Low-frequency extrapolation!

Beat tone inversion !
(Hu et al., 2014) !

Bandwidth extension for atomic events  !
(Li & Demanet, 2015, 2016)!

Frequency down-shifting (Warner et al., 2013) 

- use a sparse L1-norm to deconvolve the 

source wavelet from the field data 


This work: Low-frequency data extrapolation for a CSG using a CNN


assuming the medium is mostly dispersion free 


Seismic trace decomposition into 
elementary waves and extension of their 
bandwidths!
!
Parametrizing interfering events !
!
Empirical regularization constant 
selection!
!
we assume a simplified model in which 
the amplitudes are constant, and the 
phases are linear in ω !

!
!

Use the CWT to perform a time-series analysis of a 
seismic trace that decomposes the trace into its 

respective amplitude and phase components in both 
frequency and time domains. 




The CWT is defined as the convolution of a time 

series f(t) with a scaled (s) and translated (τ) wavelet 
ψ(t). 


By using the time-series analysis 
of the CWT, we can com- pute 
harmonics and sub-harmonics 

from the available band- width in 
the seismic wavelet. Harmonics 

are an integer mul- tiple of a 
fundamental frequency, and 
sub-harmonics a ratio of one 
over an integer multiple (e.g., 

1⁄2). Since we are using a 
complex wavelet, amplitude and 
phase information is avail- able 

for this computation. By 
convolving harmonic and sub- 
harmonic frequencies onto the 
seismic trace, we can recover 

this information and better reveal 
reflectivity that otherwise is 

difficult to detect. 


- interference between 
two neighboring signals
 Deep learning freq domain for CSG – Ovcharenko et al., 2017, !

Trace to trace deep learning – Sun & Demanet, 2018!
!
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Our solution !
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Data – model – data connection!
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Setup and data in frequency domain!

Mono-frequency wavefield!
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Single low-frequency from multiple high-frequency data!

High-frequency data! Low frequency data!Neural network!
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Random model generation !
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Random model generation!

-  Random Gaussian field!
-  Flat bathymetry!
-  Fixed model size!
-  Permissible velocity range!
-  Use data for each src-rec pair!

Sampling multidimensional model space!

The more diverse data - the better


NREC = NSRC = 240

Predict for NREC / 2


Explain distance!
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Random model generation!

-  Random Gaussian field!
-  Flat bathymetry!
-  Fixed model size!
-  Permissible velocity range!
-  Use data for each src-rec pair!

Sampling multidimensional model space!

The more diverse data - the better


Explain distance!
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Random model generation!

-  Random Gaussian field!
-  Flat bathymetry!
-  Fixed model size!
-  Permissible velocity range!
-  Use data for each src-rec pair!

Sampling multidimensional model space!

The more diverse data - the better


Explain distance!
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Data cube patterns!

REC!

FR
EQ

!
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Single shot gather !

REC


FREQ
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NVIDIA Titan V
TensorFlow 1.3.0
Python 3.6
 Keras 2.0.5


CNN design !
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Feature maps 34 x 34 x 16 !
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Feature maps 16 x 16 x 64 !
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Feature maps 4 x 4 x 128 !
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Examples of low-frequency extrapolation !
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0.25 Hz!

0.5 Hz!

1 Hz!

BP 2004 Central section

True! Pred! Diff!
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0.25 Hz!

0.5 Hz!

1 Hz!

True! Pred! Diff!
BP 2004 Left section
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0.25 Hz!

0.5 Hz!

1 Hz!

True! Pred! Diff!
SEAM Phase I
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Accuracy of data extrapolation!
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Multiscale FWI!
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Conclusions !

ANN allows you to face the problem without much knowledge about it

Generalizable to any kind of data (acoustic, elastic etc.)


CSG to CSG extrapolation!
!
Deep CNN learns mapping from high to low frequencies !
!
Model generation matters!
!
Lower frequencies are better extrapolated!


