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Summary	
  

Significant	
  spa'otemporal	
  correla'on	
  in	
  dynamic	
  data	
  

Uniform	
  undersampling	
  of	
  2-­‐8x	
  with	
  L2	
  reconstruc'on	
  

Random	
  undersampling	
  of	
  9x	
  by	
  exploi'ng	
  group	
  sparsity	
  	
  	
  

Compact	
  data	
  representa'on	
  in	
  x-­‐f	
  and	
  x-­‐pc	
  spaces	
  

Combina'on	
  with	
  parallel	
  imaging	
  to	
  effort	
  higher	
  factors	
  

Temporal	
  filtering	
  results	
  if	
  undersampling	
  exceeds	
  limits	
  


