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Motivation Super-Resolution Reconstruction Algorithm 

Super-­‐resolu+on	
   reconstruc+on	
   (SRR)	
   generally	
   relies	
  
on	
  the	
  assump+on	
  that	
  es+ma+on	
  of	
  sub-­‐pixel	
  mo+on	
  
in	
   the	
   scene	
   is	
   accurate.	
   However,	
   when	
   there	
   is	
  
inaccurately	
   es+mated	
   mo+on	
   within	
   one	
   of	
   the	
  
exis+ng	
   SRR	
   algorithms,	
   it	
   oDen	
   produces	
   undesirable	
  
results	
  with	
  disturbing	
  ar+facts.	
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The	
   goal	
   of	
   our	
   project	
   is	
   to	
   implement,	
   improve	
   and	
  
compare	
   SRR	
   algorithms	
   without	
   explicit	
   sub-­‐pixel	
  
mo+on	
  es+ma+on.	
  	
  
	
  
	
  

Super	
  Resolu+on	
  Reconstruc+on	
  With	
  Probabilis+c	
  Mo+on	
  Es+ma+on	
  
	
  
•  Fusion	
  Step:	
  

	
  
•  Deblurring	
  Step	
  with	
  ADMM:	
  

	
  	
  
Future Work 

•  Try	
  and	
  compare	
  different	
  f	
  func+ons	
  in	
  SRR	
  with	
  
probability	
  mo+on	
  es+ma+on	
  to	
  get	
  beMer	
  results	
  

•  Apply	
  color	
  TV	
  in	
  ADMM	
  deblurring	
  so	
  that	
  it	
  can	
  be	
  
used	
  in	
  RGB	
  images	
  

•  Develop	
  a	
  SRR	
  framework	
  that	
  combines	
  probability	
  
mo+on	
  es+ma+on	
  and	
  steering	
  kernel	
  regression	
  

Related	
  Work 

Glasner	
   et.	
   al	
   [3]	
   proposed	
   a	
   framework	
   that	
   combines	
  
Classical	
  SRR	
  and	
  Example-­‐based	
  SRR.	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
In	
   [4],	
   Zhang	
   et.	
   al	
   proposed	
   a	
   MAP	
   SRR	
   framework	
   that	
  
incorporates	
  NLM	
  and	
  SKR	
  prior	
  terms.	
  	
  
	
  
Danielyan	
   et.	
   al.	
   [5]	
   proposed	
   a	
   framework	
   using	
   an	
  
algorithm	
  BM3D	
  to	
  compensate	
  lack	
  of	
  mo+on	
  informa+on.	
  

Simulation Results 

•  Super	
  Resolu+on	
  Reconstruc+on	
  With	
  Probabilis+c	
  Mo+on	
  Es+ma+on 

 
•  Super	
  Resolu+on	
  Reconstruc+on	
  With	
  Steering	
  Kernel	
  Regression	
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Recurrence	
   of	
   patches	
   in	
  
the	
  same	
  image	
  scale.	
  
	
  
L ow/h i g h -­‐ r e s o l u+on	
  
patch	
   correspondences	
  
learned	
   from	
   recurrence	
  
across	
   mul+ple	
   image	
  
scales.	
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Super	
  Resolu+on	
  Reconstruc+on	
  With	
  Steering	
  Kernel	
  Regression	
  
	
  
•  Ini+aliza+on	
  Step:	
  

	
  
	
  

•  Itera+on	
  Step:	
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