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Correspondence	  and	  Alignment	  

•  Correspondence:	  matching	  points,	  patches,	  edges,	  or	  
regions	  across	  images	  
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Overview	  of	  Keypoint	  Matching	  

K.	  Grauman,	  B.	  Leibe	  
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•  Second	  moment	  
matrix	  
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Harris	  Detector	  



So far: can localize in x-y, but not 
scale 



Automa9c	  Scale	  Selec9on	  

K.	  Grauman,	  B.	  Leibe	  
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How to find corresponding patch sizes? 



Automa9c	  Scale	  Selec9on	  
•  FuncMon	  responses	  for	  increasing	  scale	  (scale	  signature)	  	  

K.	  Grauman,	  B.	  Leibe	  
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What	  Is	  A	  Useful	  Signature	  Func9on?	  
•  Difference-‐of-‐Gaussian	  =	  “blob”	  detector	  

K.	  Grauman,	  B.	  Leibe	  



Difference-‐of-‐Gaussian	  (DoG)	  

K.	  Grauman,	  B.	  Leibe	  
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DoG	  –	  Efficient	  Computa9on	  
•  ComputaMon	  in	  Gaussian	  scale	  pyramid	  

K.	  Grauman,	  B.	  Leibe	  
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Find	  local	  maxima	  in	  posi9on-‐scale	  space	  
of	  Difference-‐of-‐Gaussian	  

K.	  Grauman,	  B.	  Leibe	  
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Results:	  Difference-‐of-‐Gaussian	  

K.	  Grauman,	  B.	  Leibe	  



Choosing	  a	  detector	  

•  What	  do	  you	  want	  it	  for?	  
–  Precise	  localizaMon	  in	  x-‐y:	  Harris	  
–  Good	  localizaMon	  in	  scale:	  Difference	  of	  Gaussian	  
–  Flexible	  region	  shape:	  MSER	  

•  Best	  choice	  oaen	  applicaMon	  dependent	  
–  Harris-‐/Hessian-‐Laplace/DoG	  work	  well	  for	  many	  natural	  categories	  
–  MSER	  works	  well	  for	  buildings	  and	  printed	  things	  

•  Why	  choose?	  
–  Get	  more	  points	  with	  more	  detectors	  

•  There	  have	  been	  extensive	  evaluaMons/comparisons	  
–  [Mikolajczyk	  et	  al.,	  IJCV’05,	  PAMI’05]	  
–  All	  detectors/descriptors	  shown	  here	  work	  well	  



Comparison	  of	  Keypoint	  Detectors	  

Tuytelaars Mikolajczyk 2008 



T.	  Tuytelaars,	  B.	  Leibe	  

Orienta9on	  Normaliza9on	  
•  Compute	  orientaMon	  histogram	  
•  Select	  dominant	  orientaMon	  
•  Normalize:	  rotate	  to	  fixed	  orientaMon	  	  

0 2 π 

[Lowe,	  SIFT,	  1999]	  



Image	  representa9ons	  

•  Templates	  
–  Intensity,	  gradients,	  etc.	  

•  Histograms	  
–  Color,	  texture,	  SIFT	  descriptors,	  etc.	  



Space Shuttle 
Cargo Bay 

Image	  Representa9ons:	  Histograms	  

Global	  histogram	  
• Represent	  distribuMon	  of	  features	  

– Color,	  texture,	  depth,	  …	  
Images from Dave Kauchak 



Image	  Representa9ons:	  Histograms	  

•  Joint	  histogram	  
–  Requires	  lots	  of	  data	  
–  Loss	  of	  resoluMon	  to	  	  

avoid	  empty	  bins	  

Images from Dave Kauchak 

Marginal histogram 
•  Requires independent features 
•  More data/bin than  

joint histogram 

Histogram: Probability or count of data in each bin 



EASE Truss  
Assembly 

Space Shuttle 
Cargo Bay 

Image	  Representa9ons:	  Histograms	  

Images from Dave Kauchak 

Clustering 

Use the same cluster centers for all images 



Compu9ng	  histogram	  distance	  

Chi-squared Histogram matching distance 
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Histogram intersection (assuming normalized histograms) 

Cars found by color histogram matching using chi-squared 



Histograms:	  Implementa9on	  issues	  

Few Bins 
Need less data 
Coarser representation 

Many Bins 
Need more data 
Finer representation 

•  QuanMzaMon	  
–  Grids:	  fast	  but	  applicable	  only	  with	  few	  dimensions	  
–  Clustering:	  slower	  but	  can	  quanMze	  data	  in	  higher	  dimensions	  

•  Matching	  
–  Histogram	  intersecMon	  or	  Euclidean	  may	  be	  faster	  
–  Chi-‐squared	  oaen	  works	  bemer	  
–  Earth	  mover’s	  distance	  is	  good	  for	  when	  nearby	  bins	  represent	  
similar	  values	  



What	  kind	  of	  things	  do	  we	  compute	  
histograms	  of?	  

•  Color	  

•  Texture	  (filter	  banks	  or	  HOG	  over	  regions)	  
L*a*b* color space  HSV color space  



What	  kind	  of	  things	  do	  we	  compute	  
histograms	  of?	  
•  Histograms	  of	  oriented	  gradients	  

SIFT	  –	  Lowe	  IJCV	  2004	  



SIFT	  vector	  forma9on	  
•  Computed	  on	  rotated	  and	  scaled	  version	  of	  window	  
according	  to	  computed	  orientaMon	  &	  scale	  
–  resample	  the	  window	  

•  Based	  on	  gradients	  weighted	  by	  a	  Gaussian	  of	  
variance	  half	  the	  window	  (for	  smooth	  falloff)	  



SIFT	  vector	  forma9on	  
•  4x4	  array	  of	  gradient	  orientaMon	  histograms	  
weighted	  by	  magnitude	  

•  8	  orientaMons	  x	  4x4	  array	  =	  128	  dimensions	  
•  MoMvaMon:	  	  some	  sensiMvity	  to	  spaMal	  layout,	  but	  not	  
too	  much.	  

showing only 2x2 here but is 4x4 



Ensure	  smoothness	  
•  Gaussian	  weight	  	  
•  Trilinear	  interpolaMon	  	  

–  a	  given	  gradient	  contributes	  to	  8	  bins:	  	  
4	  in	  space	  Mmes	  2	  in	  orientaMon	  



Reduce	  effect	  of	  illumina9on	  
•  128-‐dim	  vector	  normalized	  to	  1	  	  
•  Threshold	  gradient	  magnitudes	  to	  avoid	  excessive	  
influence	  of	  high	  gradients	  
–  aaer	  normalizaMon,	  clamp	  gradients	  >0.2	  
–  renormalize	  



Local	  Descriptors:	  SURF	  

K.	  Grauman,	  B.	  Leibe	  

•  Fast	  approxima9on	  of	  SIFT	  idea	  
Ø  Efficient	  computa9on	  by	  2D	  box	  filters	  &	  

integral	  images	  
⇒	  6	  9mes	  faster	  than	  SIFT	  

Ø  Equivalent	  quality	  for	  object	  iden9fica9on	  

[Bay, ECCV’06], [Cornelis, CVGPU’08] 

•  GPU	  implementa9on	  available	  
Ø  Feature	  extrac9on	  @	  200Hz	  

(detector	  +	  descriptor,	  640×480	  img)	  
Ø  http://www.vision.ee.ethz.ch/~surf	  



Local Descriptors: Shape Context 

Count the number of points 
inside each bin, e.g.: 

Count = 4 

Count = 10 
... 

Log-polar binning: more 
precision for nearby points, 
more flexibility for farther 
points. 

Belongie & Malik, ICCV 2001 
K. Grauman, B. Leibe 



Shape	  Context	  Descriptor	  



Local	  Descriptors	  
•  Most	  features	  can	  be	  thought	  of	  as	  templates,	  
histograms	  (counts),	  or	  combinaMons	  

•  The	  ideal	  descriptor	  should	  be	  
–  Robust	  
–  DisMncMve	  
–  Compact	  
–  Efficient	  

•  Most	  available	  descriptors	  focus	  on	  edge/gradient	  
informaMon	  
–  Capture	  texture	  informaMon	  
–  Color	  rarely	  used	  

K.	  Grauman,	  B.	  Leibe	  



Matching	  Local	  Features	  
•  Nearest	  neighbor	  (Euclidean	  distance)	  
•  Threshold	  raMo	  of	  nearest	  to	  2nd	  nearest	  descriptor	  

Lowe IJCV 2004 



Choosing	  a	  descriptor	  

•  Again,	  need	  not	  sMck	  to	  one	  

•  For	  object	  instance	  recogniMon	  or	  sMtching,	  SIFT	  or	  
variant	  is	  a	  good	  choice	  



Things	  to	  remember	  

•  Keypoint	  detecMon:	  repeatable	  
and	  disMncMve	  
–  Corners,	  blobs,	  stable	  regions	  
–  Harris,	  DoG	  

•  Descriptors:	  robust	  and	  selecMve	  
–  spaMal	  histograms	  of	  orientaMon	  
–  SIFT	  
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Resources	  
Books	  
R.	  Szeliski,	  Computer	  Vision:	  Algorithms	  and	  ApplicaMons,	  2010	  –	  available	  online	  
D.	  A.	  Forsyth	  and	  J.	  Ponce,	  Computer	  Vision:	  A	  Modern	  Approach,	  2003	  
L.	  G.	  Shapiro	  and	  G.	  C.	  Stockman,	  Computer	  Vision,	  2001	  

Web	  
CVonline:	  The	  Evolving,	  Distributed,	  Non-‐Proprietary,	  On-‐Line	  Compendium	  of	  Computer	  
Vision	  
hmp://homepages.inf.ed.ac.uk/rbf/CVonline/	  	  
Dic9onary	  of	  Computer	  Vision	  and	  Image	  Processing	  
hmp://homepages.inf.ed.ac.uk/rbf/CVDICT/	  	  
Computer	  Vision	  Online	  
hmp://www.computervisiononline.com/	  	  

Programming	  
Development	  environments/languages:	  Matlab,	  	  Python	  and	  C/C++	  
Toolboxes	  and	  APIs:	  OpenCV,	  VLFeat	  Matlab	  Toolbox,	  Piotr's	  Computer	  Vision	  Matlab	  Toolbox,	  
EasyCamCalib	  Soaware,	  FLANN,	  Point	  Cloud	  Library	  PCL,	  LibSVM,	  Camera	  CalibraMon	  Toolbox	  for	  
Matlab	  
CBA	  Research	  Computer	  Vision	   42	  


