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Context
“Wave-equation based imager’s dream…” 
‣ create high-resolution high-fidelity images w/ no data processing 

‣ increase acquisition productivity = work w/ sparse OBN simultaneous data 

‣ improve computational performance = work w/ randomized subsets of shots 

Recent trends: “Inversion is the way to go…” 

‣ high-frequency FWI = hybrid of FWI & nonlinear “LS RTM” 

‣ data- or image-space LS-RTM  

‣ FWI & LS-RTM “equivalent” if background model kinematically correct 

‣ locally convex GN converges faster



Established – acquisition savings   
Compressive Sensing: 
‣ exploits randomness & structure  
‣ economic subsampled data 
‣ recovers dense data via structure-

promoting inversion 

Output: 
‣ improved quality artifact-fact free 

long-offset wide azimuth data 
‣ 5 X – 10 X productivity 
‣ saved $100’s of millions

Simultaneous Source CSI Field Trial – Production Comparison 
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Standard Production vs. CSI Production 
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adapted from Mosher et.al.



“Established” – computational savings
SP-LSRTM imaging framework: 
‣ Devito-a just-in-time compiler for finite-differences 

(at least 20% savings  industry implementations TTI) 

‣ Compressive least-squares migration w/ correct stable adjoints 
(2–3X savings w/ source subsampling  LS-RTM) 

‣ Alternative checkpointing strategy 
(2–3X savings w/ on-the-fly Fourier transforms  optimal checkpointing) 

‣ Serverless implementation in the Cloud (AWS/Azure) 
(2–3X savings w/ idle time reduction & spot pricing) 

Anticipated total cost savings of 10–20X  LS-RTM @ 6X RTM

⟷

⟷

⟷

⟷



JUDI – The Julia Devito Inversion framework  



Example 1: Compressive seismic imaging
Linearized Bregman method with JUDI:



Example 1: Compressive seismic imaging
Linearized Bregman method with JUDI:



Example server less in the Cloud
Sparsity-promoting SP-LSRTM on the BP Synthetic 2004 model

Image after 3 data passes (total cost of < 120 $)≈



3D TTI RTM on Azure
Depth slice 725 m Depth slice 1250 m



3D TTI RTM on Azure for $10k



Challenges – sparse & ultra long offset
Make SP-LSRTM feasible via randomization  
‣ randomized imaging w/ CS – randomized source sampling & checkpointing 

‣ randomized acquisition w/ CS – sparse multi sim. source acquisition 

Deal w/ free surface not via 
‣ LS-RTM w/ EPSI – adding deghosted upgoing wavefield as areal source 

‣ but instead via SP-LSRTM w/ multiples by adding free-surface BC 

One in all solution – SP-LSRTM w/ blended data & w/ free surface  
‣ no need to deblend 

‣ no need to “demultiple” & deghost 

‣ cheap (10-20 X reduction imaging costs & 10X reduction acquisition costs)



Stretched SEAM – max offset 43.75 km ( )Δx → 12.5m



Challenge: turn blended sparse OBN data /w multiples



from this “mess”



into this…”ideally”  
w/ 5 iterations w/ 4 shots sampled at ( ) w/ replacementΔxs = 1km

cost of  RTM≈ 1.5



Challenges

– deal w/ free surface 
– deal w/ blended data 
– all in one go imaging… 



A tale of multiples… 
RTM based single scattering assumption: 
‣ estimate inverse wavelet, remove surface-related multiples & ghost (SRME) 

‣ pro: industry standard; con: expensive (app. cost 1 extra RTM) 

Inversion w/ Linearized Born + EPSI = LS-RTM w/ upgoing wavefield 
‣ estimate wavelet & deghost, invert primaries & multiples 

‣ pro: images multiples; con: expensive & complex, not industry standard 

Inversion w/ linearized Born + free surface BC 
‣ include free surface BC in linearized Born operator  

‣ pro: simple & easy combined w/ FWI; con: correct ocean bottom



Imaging w/ multiples
BG Compass model: 

• 1001 OBNs (10m spacing) 
• 201 sources (50m spacing, 6m depth) 
• 15Hz Ricker wavelet 
• 3.5 seconds recording 
• inverse-scattering imaging condition 
• 4 data passes (6 X cost single RTM) 



True Velocity



Background Velocity



True Density



Background density



Velocity Perturbation



Dense OBN – BG compass model 
nonlinear data w/o free surface linearized data w/ free surfacenonlinear data w/ free surface



RTM – no free surface



RTM – data w/ free surface



RTM – data w/ free surface + free surface BC



LS-RTM – data w/ free surface



LS-RTM – data w/ free surface + free surface BC



Velocity Perturbation



Observations
Surface-related multiples can be mitigated 
‣ adding free surface boundary condition 

‣ image multiples gives better aperture etc. 

‣ no extra cost or data handling 

‣ relies on sparse SP-LSRTM  

‣ reduce costs of inversion via randomized subsampling 



A tale of deblending…
 linearized Born data  blended data 
‣ deblend & deghost data 

‣ RTM or LS-RTM 

‣ pro: industry standard; con: expensive (app. cost 1 extra RTM) 

image blended data directly 
‣ deblend, deghost during SP-LSRTM 

‣ pro: avoids extra step & cheap, con: no QC on data 
validate by comparing 

‣ deblend first and then image  deblend while image

≠

⟺



Time-jittered OBC acquisition 
[1 source vessels, two airguns, speed = 5 knots, underlying grid: 25 m] 
[no. of jittered source location is half the number of sources in ideal periodic survey w/o overlap]

}
<latexit sha1_base64="tykbcn/fD4PTeKnRMixLi8r8el0=">AAAB6XicbVDLSgNBEOyNrxhfUY9ehgRBEMKuFz0GvXiMYh6QXcLsZDYZMju7zPQKYckfePGgiCfBP/Lm3zh5HDSxoKGo6qa7K0ylMOi6305hbX1jc6u4XdrZ3ds/KB8etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+Ho5up337k2ohEPeA45UFMB0pEglG00r0/6ZWrbs2dgawSb0Gq9Yp//gEAjV75y+8nLIu5QiapMV3PTTHIqUbBJJ+U/MzwlLIRHfCupYrG3AT57NIJObVKn0SJtqWQzNTfEzmNjRnHoe2MKQ7NsjcV//O6GUZXQS5UmiFXbL4oyiTBhEzfJn2hOUM5toQyLeythA2ppgxtOCUbgrf88ippXdQ8t+bd2TSuYY4inEAFzsCDS6jDLTSgCQwieIIXeHVGzrPz5rzPWwvOYuYY/sD5/AGvy47s</latexit><latexit sha1_base64="ut89VjYdB3sDNp2qG7NLfJJnW9w=">AAAB6XicbVDLSgNBEOz1GeMr6tHLkCAIQtj1osegF49RzAOyS5idzCZDZmeXmV5hCfkDL4KKePWPvOVvnDwOmljQUFR1090VplIYdN2Js7a+sbm1Xdgp7u7tHxyWjo6bJsk04w2WyES3Q2q4FIo3UKDk7VRzGoeSt8Lh7dRvPXFtRKIeMU95ENO+EpFgFK304I+7pYpbdWcgq8RbkEqt7F+8Tmp5vVv69nsJy2KukElqTMdzUwxGVKNgko+LfmZ4StmQ9nnHUkVjboLR7NIxObNKj0SJtqWQzNTfEyMaG5PHoe2MKQ7MsjcV//M6GUbXwUioNEOu2HxRlEmCCZm+TXpCc4Yyt4QyLeythA2opgxtOEUbgrf88ippXlY9t+rd2zRuYI4CnEIZzsGDK6jBHdShAQwieIY3eHeGzovz4XzOW9ecxcwJ/IHz9QO5NZBy</latexit><latexit sha1_base64="ut89VjYdB3sDNp2qG7NLfJJnW9w=">AAAB6XicbVDLSgNBEOz1GeMr6tHLkCAIQtj1osegF49RzAOyS5idzCZDZmeXmV5hCfkDL4KKePWPvOVvnDwOmljQUFR1090VplIYdN2Js7a+sbm1Xdgp7u7tHxyWjo6bJsk04w2WyES3Q2q4FIo3UKDk7VRzGoeSt8Lh7dRvPXFtRKIeMU95ENO+EpFgFK304I+7pYpbdWcgq8RbkEqt7F+8Tmp5vVv69nsJy2KukElqTMdzUwxGVKNgko+LfmZ4StmQ9nnHUkVjboLR7NIxObNKj0SJtqWQzNTfEyMaG5PHoe2MKQ7MsjcV//M6GUbXwUioNEOu2HxRlEmCCZm+TXpCc4Yyt4QyLeythA2opgxtOEUbgrf88ippXlY9t+rd2zRuYI4CnEIZzsGDK6jBHdShAQwieIY3eHeGzovz4XzOW9ecxcwJ/IHz9QO5NZBy</latexit><latexit sha1_base64="zjFwJtC7jN9FMvMBCRKz9FMasj4=">AAAB6XicbVA9TwJBEJ3DL8Qv1NJmIzGxInc2WhJtLNEIksCF7C17sGFv97I7Z0Iu/AMbC42x9R/Z+W9c4AoFXzLJy3szmZkXpVJY9P1vr7S2vrG5Vd6u7Ozu7R9UD4/aVmeG8RbTUptORC2XQvEWCpS8kxpOk0jyx2h8M/Mfn7ixQqsHnKQ8TOhQiVgwik6670371Zpf9+cgqyQoSA0KNPvVr95AsyzhCpmk1nYDP8UwpwYFk3xa6WWWp5SN6ZB3HVU04TbM55dOyZlTBiTWxpVCMld/T+Q0sXaSRK4zoTiyy95M/M/rZhhfhblQaYZcscWiOJMENZm9TQbCcIZy4ghlRrhbCRtRQxm6cCouhGD55VXSvqgHfj2482uN6yKOMpzAKZxDAJfQgFtoQgsYxPAMr/Dmjb0X7937WLSWvGLmGP7A+/wBnUyNYw==</latexit>

Wason, Haneet, and Felix J. Herrmann. "Time-jittered ocean bottom seismic acquisition." SEG Technical Program Expanded Abstracts 2013. 
Society of Exploration Geophysicists, 2013. 1-6.



RTM – deblend first and then image – w/ free surface



RTM w/ poor man’s deblending



SP-LSRTM deblend first then image



LS-RTM w/ poor man’s deblending



Observations
Deblending can be handled during imaging 
‣ during sparse SP-LSRTM  

‣ no extra cost 

‣ reduce costs inversion via randomized subsampling



Stretched SEAM – max offset 43.75 km ( )Δx → 12.5m



Stretched SEAM – background velocity



Imaging w/ sparse OBN – no free surface
2D SEAM model: 

• 44 OBN (1000m spacing) 
• 1751 sources (25m spacing, 10m depth) 
• source wavelet w/ 14.5Hz peak effectively 3–41 Hz 
• 18 seconds recording w/ 45000 timesteps 
• imaging & modeling w/ density 
• inverse-scattering imaging condition 
• 11 iterations w/ 4 source experiments each 
• 1 data pass (1.5 X cost single RTM) 
• 20 min per gradient



Densely sampled common receiver gather OBN 
– no free surface – no blending



Sparse OBN common shot gather 1km spacing 
– no free surface – no blending



RTM – no free surface – no blending

no processing



Dense common shot gather 
– free surface – no blending



Sparse common shot gather 
– free surface – no blending



RTM – free surface – no blending - free surface BC

no processing



SP-LSRTM – free surface – no blending - free surface BC



SP-LSRTM – free surface – no blending - free surface BC 
– lower threshold



SP-LSRTM – free surface – no blending - free surface BC 
– higher threshold



Imaging w/ continuous sim. source recording
2D SEAM model: 

• 2 boats 10km apart, 2.5m/s moving left to right 
• 3 airguns per boat 
• airgun 1 fires every 6 sec 
• airgun 2,3 fires within  sec of airgun1 
• 15m source spacing at the surface (2898 unique source positions) 
• 3h45min recording (2200 x 6s) 
• 14.5Hz peak source wavelet 
• 1km OBN spacing (44 positions)

±1



Dense continuous recording 
– free surface – blended

First boat

Second boat

Three airguns



Sparse continuous recording 
– free surface – blended



RTM blended data w/ multiples – first iteration



RTM blended data w/ multiples – after thresholding



Conclusions
All in-one go imaging w/o processing may be feasible 
‣ adding free surface boundary condition 

‣ deblending on the fly 

‣ no extra cost or data handling 

‣ relies on sparse SP-LSRTM  

‣ reduce costs inversion via randomized subsampling  

Next steps 
‣ improved denoising, e.g. weighted thresholding or ML 

‣ time-lapse & extension to elastic 

‣ inclusion of common image gathers


