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(c) Depth stepping migration
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CONCLUSION	
  

•  Spectral	
  projector	
  computed	
  with	
  polynomial	
  recursion	
  using	
  
randomized	
  HSS	
  techniques	
  provides	
  an	
  efficient	
  	
  two-­‐way	
  wave	
  
equa<on	
  based	
  depth	
  extrapolaIon	
  migra<on	
  for	
  laterally	
  variant	
  
medium.	
  

• BeYer	
  image	
  quality	
  with	
  the	
  steep	
  events	
  (90	
  degrees)	
  compared	
  to	
  
reverse	
  <me	
  migra<on	
  (RTM).	
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