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Goal	  of	  Computer	  Vision	  
•  Provide	  computers	  with	  human-‐like	  percep%on	  
capabili4es	  so	  that	  they	  can	  sense	  the	  
environment,	  understand	  the	  sensed	  data,	  take	  
appropriate	  ac4ons	  (make	  decisions),	  learn	  from	  
this	  experience	  in	  order	  to	  enhance	  future	  
performance	  	  
– Understand	  visual	  informa%on	  with	  no	  accompanying	  
structural,	  administra4ve	  or	  descrip4ve	  text	  
informa4on	  	  

•  Sources	  of	  difficul4es:	  
–  Sensory	  gap	  
–  Seman4c	  gap	  	  



Why	  is	  Vision	  hard?	  
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Pa0ern	  recogni4on	  in	  computer	  vision	  
•  Image	  recogni4on	  system:	  

–  Feature	  extrac%on:	  captures	  meaningful	  informa4on	  from	  
the	  image	  (for	  the	  specific	  task	  at	  hand),	  reducing	  
dimensionality.	  

–  Pa8ern	  recogni%on:	  does	  the	  actual	  job	  of	  classifying	  or	  
describing	  observa4ons,	  relying	  on	  the	  extracted	  features.	  	  

•  System	  diagram	  

–  How	  can	  we	  find	  meaningful	  features?	  



Features	  
•  Raw	  pixels	  

– Use	  directly	  the	  color	  values	  captured	  by	  the	  sensor	  
•  Low	  level	  features	  

–  These	  features	  are	  very	  objec4ve	  features	  	  
•  Middle	  level	  features	  

–  Features	  resul4ng	  from	  a	  decision	  process	  (related	  to	  
the	  existence	  of	  some	  subjec4ve	  details)	  

•  Segmenta4on	  of	  certain	  shapes	  	  
•  Iden4fica4on	  of	  certain	  objects,	  types	  of	  content	  	  

•  High	  level	  features	  	  
–  Features	  with	  some	  seman4c	  content	  informa4on,	  
highly	  contextual	  and	  based	  on	  prior	  knowledge.	  	  

•  Person	  A	  is	  talking	  to	  person	  B	  	  



Features	  
•  Types	  of	  features	  

– Low-‐level:	  Color,	  texture,	  shape,	  mo4on,	  ...	  	  
– Middle-‐level:	  Pedestrian	  in	  the	  image,	  visible	  sky,	  
existence	  of	  trees	  	  

– High-‐level:	  Car	  moving	  fast,	  person	  smiling	  

•  	  From	  low-‐level	  to	  high-‐level	  
– While	  decisions	  must	  be	  made	  at	  each	  level	  we	  
must	  always	  start	  from	  the	  low-‐level,	  as	  that	  is	  
the	  informa4on	  readily	  available	  to	  us.	  

– The	  fundamental	  problem	  is	  how	  to	  reach	  high-‐
level	  knowledge	  from	  ini4al	  low-‐level	  features.	  



Features	  
•  Features	  can	  also	  be	  classified	  based	  on	  
extent:	  Global,	  Region	  or	  Local	  	  
– Global	  features:	  

•  These	  features	  highly	  summarize	  the	  image	  content	  
enabling	  good	  descrip4on	  of	  global	  content	  or	  context	  
but	  missing	  fine	  detail.	  	  

•  These	  can	  also	  be	  used	  at	  a	  semi-‐global	  level	  by	  
subdividing	  the	  image	  into	  regions.	  	  

– Region	  features:	  
•  These	  features	  describe	  boundary-‐based	  proper4es	  of	  
an	  object	  or	  they	  can	  describe	  region-‐based	  proper4es.	  	  



Features	  
•  Classic	  features	  

– Global	  colour	  and	  edge	  histograms	  	  
– Texture	  through	  co-‐occurrence	  matrices	  and	  
fractal	  analysis	  

	  
– Shape	  through	  measures	  of	  area,	  perimeter,	  
eccentricity,	  orienta4on,	  etc.	  	  

•  Very	  high	  computa4onal	  cost	  	  
•  Features	  are	  very	  complex	  	  

•  Other	  features	  such	  as	  the	  ones	  described	  in	  
the	  MPEG-‐7	  standard	  can	  also	  be	  useful	  

	  



Features	  
•  The	  best	  feature	  to	  use	  for	  an	  image’s	  descrip4on	  
depends	  on	  what	  is	  its	  content:	  	  
–  For	  detec4ng	  different	  objects,	  different	  features	  may	  
be	  required.	  	  

– We	  do	  not	  know	  the	  content	  (we	  are	  trying	  to	  find	  it).	  	  
•  Features	  can	  be	  combined	  by	  concatena4on	  into	  
a	  larger	  feature	  vector:	  
– However,	  the	  features	  may	  have	  different	  
“importance”	  for	  the	  image	  recogni4on	  system.	  	  

–  α	  is	  the	  fusion	  weigh4ng,	  an	  addi4onal	  hyper-‐
parameter	  in	  the	  system	  which	  must	  be	  validated	  
experimentally.	  	  



Features	  
•  Example:	  using	  global	  
features	  to	  classify	  
city/landscape	  images	  
–  Based	  on	  colour	  and	  
edge	  histograms	  	  

–  KNN	  classifier	  	  
–  Features	  fusion	  using	  
weighted	  
concatena4on	  	  

On Image Classification: City vs. Landscape. Vailaya, A. and Jain, A. and Zhang, H. IEEE Workshop 
on Content - Based Access of Image and Video Libraries,1998 



Features	  
•  Global	  features	  rarely	  have	  the	  descrip4ve	  power	  to	  
capture	  all	  informa4on	  in	  an	  image	  	  

•  This	  leaves	  global	  features	  usable	  only	  for	  some	  
limited	  image	  recogni4on	  tasks	  

•  An	  image	  ofen	  requires	  a	  part	  based	  analysis	  	  
–  Context	  is	  global,	  but	  object	  are	  defined	  locally.	  	  
– Most	  image	  content	  is	  described	  at	  a	  local	  level.	  	  
–  By	  dividing	  an	  image	  into	  parts	  we	  simplify	  recogni4on.	  	  
–  Separa4ng	  objects	  from	  context	  makes	  recogni4on	  more	  
robust	  	  



Image	  subdivision	  
•  How	  can	  we	  subdivide	  an	  image?	  

– Object	  segmenta4on,	  not	  always	  an	  easy	  task	  
• When	  the	  background	  can	  be	  modelled,	  we	  can	  
perform	  background	  subtrac4on	  

– Grid	  subdivision	  
– Exhaus4ve	  search	  
– Local	  interest	  points	  



Image	  subdivision	  
•  Exhaus%ve	  grid	  division:	  the	  whole	  image	  is	  divided	  
into	  blocks	  with	  no	  overlap	  	  

Concepts	  modeled	  by	  
color	  and	  texture	  
features	  as	  in	  the	  global	  
case.	  However,	  we	  can	  
extract	  more	  
informa4on	  per	  pixel	  as	  
the	  area	  under	  analysis	  
is	  smaller	  
	  
	  
Classifica4on	  for	  each	  
image	  subdivision	  
obtained	  by	  SVM	  
classifier	  

Seman%c	  Scene	  Modeling	  and	  Retrieval	  for	  Content-‐Based	  Image	  Retrieval.	  Julia	  Vogel	  and	  Bernt	  Schiele.	  Interna'onal	  
Journal	  of	  Computer	  Vision.	  Vol.	  72,	  No.	  2,	  pp.	  133-‐157,	  April	  2007.	  



Image	  subdivision	  
•  We	  may	  miss	  some	  objects	  if	  these	  are	  split	  over	  
several	  image	  blocks	  

•  Over-‐sampling	  grid	  division:	  the	  whole	  image	  is	  
divided	  into	  blocks	  with	  overlap	  	  

•  Redundant,	  but	  less	  prone	  to	  miss	  objects.	  	  
	  

Scene	  Classifica%on	  via	  PLSA.	  A.Bosch,	  A.Zisserman,	  X.Muñoz	  European	  Conference	  on	  Computer	  Vision,	  vol.	  IV,	  pp.	  
517-‐530.	  Graz,	  Austria.	  May	  2006.	  



Image	  subdivision	  
•  Scanning	  image	  division:	  the	  image	  is	  scanned	  with	  a	  
fine	  regular	  sampling	  into	  block	  (very	  redundant).	  	  
–  Similar	  to	  a	  grid	  division.	  However,	  it	  is	  more	  exhaus4ve.	  	  
–  To	  detect	  object	  at	  several	  scales	  several	  passes	  have	  to	  be	  
made	  with	  variable	  window	  size	  (same	  applies	  to	  rota4on).	  

	  
– We	  can	  do	  this	  using	  template	  matching:	  cross-‐correlate	  
the	  pixels	  in	  each	  area	  with	  a	  model	  template	  	  

	  



Image	  subdivision	  
•  Template	  matching	  -‐	  sensi4ve	  to	  noise	  and	  computa%onally	  

expensive,	  i.e.	  requires	  presented	  image	  to	  be	  correlated	  
with	  every	  image	  in	  the	  database	  (no	  generaliza4on	  power)	  	  



Local	  interest	  points	  
•  Local	  point	  detectors	  were	  first	  created	  to	  help	  
solve	  the	  wide-‐baseline	  matching	  problem.	  	  

•  Local	  point	  detectors	  	  
– Detectors	  that	  iden4fy	  specific	  loca4ons	  in	  the	  image	  
– Define	  areas	  that	  are	  invariant	  to	  certain	  
transforma4ons	  	  

•  Local	  descriptors	  
– Highly	  specific,	  must	  describe	  a	  local	  area	  with	  high	  
discrimina%ve	  power.	  	  

•  Invariance	  to	  transforma4on	  can	  come	  from	  
either	  the	  point	  detector	  or	  the	  local	  descriptor.	  	  



Find	  features	  that	  are	  invariant	  to	  transforma4ons	  
–  geometric	  invariance:	  	  transla4on,	  rota4on,	  scale	  
–  photometric	  invariance:	  	  brightness,	  exposure,	  …	  

Feature	  Descriptors	  

Invariant	  local	  features	  



Geometric	  transforma4ons	  
•  Transla4on	  
•  Euclidean	  (transla4on	  +	  rota4on)	  
•  Similarity	  (transla4on	  +	  rota4on	  +	  scale)	  
•  Affine	  transforma4ons	  
•  Projec4ve	  transforma4ons	  

Only holds 
for planar 
patches 

Invariant	  local	  features	  



Local	  point	  detectors	  
•  What	  are	  salient	  features	  that	  can	  be	  detected	  in	  
mul4ple	  views?	  



Corners	  

•  Key	  property:	  in	  the	  region	  around	  a	  corner,	  image	  
gradient	  has	  two	  or	  more	  dominant	  direc4ons	  

•  Corners	  are	  repeatable	  and	  dis%nc%ve	  

A Combined Corner and Edge Detector. C.Harris and M.Stephens. Proceedings of the 4th Alvey 
Vision Conference: pages 147-151, 1988 



•  We	  should	  easily	  recognize	  the	  point	  by	  
looking	  through	  a	  small	  window	  

•  Shifing	  a	  window	  in	  any	  direc'on	  should	  
give	  a	  large	  change	  in	  intensity	  

“edge”: 
no change along 
the edge 
direction 

“corner”: 
significant 
change in all 
directions 

“flat” region: 
no change in 
all directions 

Corners	  



Shifed	  
intensity	  
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Change	  of	  intensity	  for	  the	  shif	  [u,v]:	  

Intensity	  Window	  
func4on	  

or	  Window	  func4on	  w(x,y)	  =	  

Gaussian	  1	  in	  window,	  0	  outside	  

Harris	  corner	  detector	  



This	  measure	  of	  change	  can	  be	  approximated	  by:	  
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where	  M	  is	  a	  2×2	  matrix	  computed	  from	  image	  deriva4ves:	  
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Sum	  over	  image	  region	  –	  area	  we	  
are	  checking	  for	  corner	  

Gradient	  with	  
respect	  to	  x,	  4mes	  
gradient	  with	  
respect	  to	  y	  
	  

Harris	  corner	  detector	  



λ1	  

λ2	  

“Corner”	  
λ1	  and	  λ2	  are	  large,	  
	  λ1	  ~	  λ2;	  
E	  increases	  in	  all	  
direc4ons	  

λ1	  and	  λ2	  are	  small;	  
E	  is	  almost	  constant	  
in	  all	  direc4ons	  

“Edge”	  	  
λ1	  >>	  λ2	  

“Edge”	  	  
λ2	  >>	  λ1	  

“Flat”	  
region	  

Classifica4on	  of	  image	  points	  using	  eigenvalues	  of	  M:	  

Harris	  corner	  detector	  



•  Proper4es	  of	  the	  Harris	  corner	  detector	  
–  Rota4on	  invariance	  

–  Not	  invariant	  to	  image	  scale	  

Ellipse	  rotates	  but	  its	  shape	  
(i.e.	  eigenvalues)	  remains	  the	  
same	  

All	  points	  will	  be	  
classified	  as	  edges	  

Harris	  corner	  detector	  



Suppose	  you	  are	  looking	  for	  corners	  
	  
	  
	  
	  
	  
	  
Key	  idea:	  find	  scale	  that	  gives	  local	  maximum	  of	  f	  

–  f	  is	  a	  local	  maximum	  in	  both	  posi4on	  and	  scale	  
–  Common	  defini4on	  of	  f:	  	  Laplacian	  

(or	  difference	  between	  two	  Gaussian	  filtered	  images	  with	  different	  sigmas)	  

Scale	  invariance	  detec4on	  



•  Mul4-‐scale	  approach	  

Scale	  invariance	  detec4on	  



•  Mul4-‐scale	  approach	  

Scale	  invariance	  detec4on	  



•  Mul4-‐scale	  approach	  

Scale	  invariance	  detec4on	  



•  Mul4-‐scale	  approach	  

Scale	  invariance	  detec4on	  



•  Extract	  patch	  from	  each	  image	  individually	  

Scale	  invariance	  detec4on	  



Scale	  invariance	  detec4on	  
•  Solu4on	  for	  an	  automa4c	  scale	  detec4on:	  

–  Design	  a	  func4on	  f	  on	  the	  region,	  which	  is	  “scale	  
invariant”	  (the	  same	  for	  corresponding	  regions,	  even	  if	  
they	  are	  at	  different	  scales)	  
	  
	  

Example:	  average	  intensity.	  For	  corresponding	  regions	  
(even	  of	  different	  sizes)	  it	  will	  be	  the	  same.	  

scale	  =	  1/2	  

–  For	  a	  point	  in	  one	  image,	  we	  can	  consider	  it	  as	  a	  
func4on	  of	  region	  size	  (patch	  width)	  	  
	  

f	  

region	  size	  

Image	  1	   f	  

region	  size	  

Image	  2	  



•  Common	  approach:	  

scale	  =	  1/2	  
f	  

region	  size	  

Image	  1	   f	  

region	  size	  

Image	  2	  

Take	  a	  local	  maximum	  of	  this	  func4on	  
Observa4on:	  region	  size,	  for	  which	  the	  maximum	  is	  
achieved,	  should	  be	  invariant	  to	  image	  scale.	  

s1	   s2	  

Scale	  invariance	  detec4on	  
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Scale	  invariance	  detec4on	  
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Scale	  invariance	  detec4on	  
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Scale	  invariance	  detec4on	  
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Scale	  invariance	  detec4on	  
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Scale	  invariance	  detec4on	  



•  Useful	  signature	  func4on	  
– Laplacian-‐of-‐Gaussian	  =	  “blob”	  detector	  

Scale	  invariance	  detec4on	  



Scale	  invariance	  detec4on	  
Interest	  points:	  	  
	  Local	  maxima	  in	  scale	  	  
space	  of	  Laplacian-‐of-‐	  
Gaussian	  (LoG)	  

)()( σσ yyxx LL +

σ	


σ2	


σ3	


σ4	


σ5	


⇒ List of        
    (x, y, σ) 



•  LoG	  can	  be	  approximated	  by	  a	  
Difference	  of	  two	  Gaussians	  
(DoG)	  at	  different	  scales	  	  

•  Detect	  maxima	  of	  DoG	  in	  the	  
scale	  space	  volume	  

•  Reject	  points	  with	  low	  contrast	  
(threshold)	  

•  Reject	  points	  that	  are	  localized	  
along	  an	  edge	  

Blur 

Resample

Subtract

Candidate keypoints: 
list of (x,y,σ) 

Scale	  invariance	  detec4on	  



Local	  descriptors	  
•  How can we describe interest points for 

matching? 
 
 
 
 
 
 
 
 

? 
Point descriptor should be: 

1.  Invariant 
2.  Distinctive 



•  Simplest descriptor: list of intensities within a 
patch. 

•  What is this going to be invariant to? 

Local	  descriptors	  



•  Disadvantage	  of	  patches	  as	  descriptors:	  	  
– Small	  shifs	  can	  affect	  matching	  score	  a	  lot	  
	  
	  
	  
	  

•  Solu4on:	  histograms	  

0 2 π 

Local	  descriptors	  



Local	  descriptors	  
•  Histogram-‐based	  descriptors	  

– Based	  on	  the	  histogram	  of	  oriented	  gradient	  
– SIFT,	  SURF,	  GLOH	  and	  HOG	  

•  Compact	  descriptors	  
– Based	  on	  binary	  strings	  obtained	  comparing	  pairs	  
of	  image	  intensi4es	  

– BRIEF,	  ORB,	  BRISK	  and	  FREAK	  



Basic	  idea:	  
•  Take	  16x16	  square	  window	  around	  detected	  feature	  
•  Compute	  edge	  orienta4on	  (angle	  of	  the	  gradient	  -‐	  90°)	  for	  each	  pixel	  
•  Throw	  out	  weak	  edges	  (threshold	  gradient	  magnitude)	  
•  Create	  histogram	  of	  surviving	  edge	  orienta4ons	  

0	   2π	  
angle	  histogram	  

Dis%nc%ve	  image	  features	  from	  scale-‐invariant	  keypoints.	  David	  G.	  Lowe.	  IJCV	  60	  (2),	  pp.	  91-‐110,	  2004.	  	  

SIFT	  descriptor	  



Full	  version	  
•  Divide	  the	  16x16	  window	  into	  a	  4x4	  grid	  of	  cells	  (2x2	  case	  shown	  below)	  
•  Compute	  an	  orienta4on	  histogram	  for	  each	  cell	  
•  16	  cells	  *	  8	  orienta4ons	  =	  128	  dimensional	  descriptor	  
	  

SIFT	  descriptor	  



•  One	  image	  yields:	  	  
–  n	  128-‐dimensional	  descriptors:	  each	  one	  is	  

a	  histogram	  of	  the	  gradient	  orienta4ons	  
within	  a	  patch	  

•  [n	  x	  128	  matrix]	  

–  n	  scale	  parameters	  specifying	  the	  size	  of	  
each	  patch	  

•  [n	  x	  1	  vector]	  
–  n	  orienta4on	  parameters	  specifying	  the	  

angle	  of	  the	  patch	  
•  [n	  x	  1	  vector]	  

–  n	  2d	  points	  giving	  posi4ons	  of	  the	  patches	  
•  [n	  x	  2	  matrix]	  

SIFT	  descriptor	  



Feature	  matching	  

Given	  a	  feature	  in	  I1,	  how	  to	  find	  the	  best	  match	  in	  I2?	  
1.  Define	  distance	  func4on	  that	  compares	  two	  descriptors	  
2.  Test	  all	  the	  features	  in	  I2,	  find	  the	  one	  with	  min	  distance	  

I1	   I2	  



I1	   I2	  

How	  to	  define	  the	  difference	  between	  two	  
features	  f1,	  f2?	  
–  Simple	  approach	  is	  SSD(f1,	  f2)	  	  

•  sum	  of	  square	  differences	  between	  entries	  of	  the	  two	  descriptors	  
•  can	  give	  good	  scores	  to	  very	  ambiguous	  (bad)	  matches	  	  

f1	   f2	  

Feature	  matching	  



f1	   f2	  

How	  to	  define	  the	  difference	  between	  two	  
features	  f1,	  f2?	  
–  Ra4o	  distance	  =	  SSD(f1,	  f2)	  /	  SSD(f1,	  f2’)	  

•  f2	  is	  best	  SSD	  match	  to	  f1	  in	  I2	  
•  f2’	  	  is	  	  2nd	  best	  SSD	  match	  to	  f1	  in	  I2	  
•  gives	  large	  values	  (~1)	  for	  ambiguous	  matches	  

f2'	  

Feature	  matching	  

I1	   I2	  



	  
	  
	  
	  
	  
	  
	  
	  
	  
•  Eliminate	  bad	  matches:	  throw	  out	  features	  with	  distance	  >	  threshold	  
•  The	  distance	  threshold	  affects	  performance	  

–  True	  posi4ves	  =	  #	  of	  detected	  matches	  that	  are	  correct	  
•  Suppose	  we	  want	  to	  maximize	  these—how	  to	  choose	  threshold?	  

–  False	  posi4ves	  =	  #	  of	  detected	  matches	  that	  are	  incorrect	  
•  Suppose	  we	  want	  to	  minimize	  these—how	  to	  choose	  threshold?	  

50 
75 

200 

feature distance 

false match 

true match 

Feature	  matching	  



Category	  recogni4on	  
•  Feature	  matching	  of	  local	  descriptors	  allows	  us	  to	  
compare	  two	  images	  and	  find	  instances	  of	  objects	  

•  What	  if	  we	  want	  to	  classify	  objects	  in	  a	  given	  image	  
based	  on	  their	  category	  (e.g.	  person,	  car,	  plane,	  etc.)	  
–  Classifiers	  such	  as	  SVMs	  can	  be	  used	  for	  this	  task	  
–  The	  model	  is	  trained	  using	  the	  features	  extracted	  from	  
previously	  labeled	  examples	  

–  But,	  how	  can	  we	  incorporate	  in	  a	  single	  feature	  vector,	  an	  
unknown	  number	  of	  interest	  points	  and	  their	  descrip4on?	  



Each point is a 
local descriptor, 
e.g. SIFT vector.  





Visual	  words	  
•  Map	  high-‐dimensional	  descriptors	  to	  words	  by	  
quan4zing	  the	  feature	  space	  

	  
	  

Descriptor’s	  feature	  
space	  

•  Quan4ze	  via	  
clustering,	  let	  cluster	  
centers	  be	  the	  
prototype	  “words”	  

	  
•  Determine	  which	  
word	  to	  assign	  to	  
each	  new	  image	  
region	  by	  finding	  the	  
closest	  cluster	  
center.	  

Word	  #2	  



Example:	  each	  group	  of	  
patches	  belongs	  to	  the	  
same	  visual	  word	  

Figure	  from	  	  Sivic	  &	  Zisserman,	  ICCV	  2003	  

Visual	  words	  



Analogy	  to	  documents	  

Of	  all	  the	  sensory	  impressions	  proceeding	  to	  the	  
brain,	  the	  visual	  experiences	  are	  the	  dominant	  
ones.	  Our	  percep%on	  of	  the	  world	  around	  us	  is	  
based	  essen%ally	  on	  the	  messages	  that	  reach	  the	  
brain	  from	  our	  eyes.	  For	  a	  long	  %me	  it	  was	  
thought	  that	  the	  re%nal	  image	  was	  transmi8ed	  
point	  by	  point	  to	  visual	  centers	  in	  the	  brain;	  the	  
cerebral	  cortex	  was	  a	  movie	  screen,	  so	  to	  speak,	  
upon	  which	  the	  image	  in	  the	  eye	  was	  projected.	  
Through	  the	  discoveries	  of	  Hubel	  and	  Wiesel	  we	  
now	  know	  that	  behind	  the	  origin	  of	  the	  visual	  
percep%on	  in	  the	  brain	  there	  is	  a	  considerably	  
more	  complicated	  course	  of	  events.	  By	  following	  
the	  visual	  impulses	  along	  their	  path	  to	  the	  
various	  cell	  layers	  of	  the	  op%cal	  cortex,	  Hubel	  
and	  Wiesel	  have	  been	  able	  to	  demonstrate	  that	  
the	  message	  about	  the	  image	  falling	  on	  the	  
re2na	  undergoes	  a	  step-‐wise	  analysis	  in	  a	  
system	  of	  nerve	  cells	  stored	  in	  columns.	  In	  this	  
system	  each	  cell	  has	  its	  specific	  func2on	  and	  is	  
responsible	  for	  a	  specific	  detail	  in	  the	  pa=ern	  of	  
the	  re2nal	  image.	  

sensory,	  brain,	  	  
visual,	  percep%on,	  	  

re%nal,	  cerebral	  cortex,	  
eye,	  cell,	  op%cal	  	  
nerve,	  image	  
Hubel,	  Wiesel	  

China	  is	  forecas%ng	  a	  trade	  surplus	  of	  $90bn	  
(£51bn)	  to	  $100bn	  this	  year,	  a	  threefold	  increase	  
on	  2004's	  $32bn.	  The	  Commerce	  Ministry	  said	  
the	  surplus	  would	  be	  created	  by	  a	  predicted	  30%	  
jump	  in	  exports	  to	  $750bn,	  compared	  with	  a	  
18%	  rise	  in	  imports	  to	  $660bn.	  The	  figures	  are	  
likely	  to	  further	  annoy	  the	  US,	  which	  has	  long	  
argued	  that	  China's	  exports	  are	  unfairly	  helped	  
by	  a	  deliberately	  undervalued	  yuan.	  	  Beijing	  
agrees	  the	  surplus	  is	  too	  high,	  but	  says	  the	  yuan	  
is	  only	  one	  factor.	  Bank	  of	  China	  governor	  Zhou	  
Xiaochuan	  said	  the	  country	  also	  needed	  to	  do	  
more	  to	  boost	  domes%c	  demand	  so	  more	  goods	  
stayed	  within	  the	  country.	  China	  increased	  the	  
value	  of	  the	  yuan	  against	  the	  dollar	  by	  2.1%	  in	  
July	  and	  permi8ed	  it	  to	  trade	  within	  a	  narrow	  
band,	  but	  the	  US	  wants	  the	  yuan	  to	  be	  allowed	  
to	  trade	  freely.	  However,	  Beijing	  has	  made	  it	  
clear	  that	  it	  will	  take	  its	  %me	  and	  tread	  carefully	  
before	  allowing	  the	  yuan	  to	  rise	  further	  in	  value.	  

China,	  trade,	  	  
surplus,	  commerce,	  	  
exports,	  imports,	  US,	  	  
yuan,	  bank,	  domes%c,	  	  
foreign,	  increase,	  	  

trade,	  value	  





•  Summarize	  en4re	  image	  
based	  on	  its	  distribu4on	  
(histogram)	  of	  word	  
occurrences.	  

•  Analogous	  to	  bag	  of	  words	  
representa4on	  commonly	  
used	  for	  documents.	  

Bags	  of	  visual	  words	  



•  Rank	  frames	  by	  normalized	  scalar	  product	  between	  their	  
(possibly	  weighted)	  occurrence	  counts-‐-‐nearest	  neighbor	  
search	  for	  similar	  images.	  

[5	  	  1	  	  	  1	  	  	  	  0]	  [1	  	  8	  	  	  1	  	  	  	  4]	  	  	  	  	  	  	  	  	  	  	  

jd
 q for	  vocabulary	  of	  V	  words	  

Bags	  of	  visual	  words	  



Vocabulary	  Trees	  
•  Large	  vocabularies	  can	  be	  improved	  with	  hierarchical	  
clustering	  

[Nister	  &	  Stewenius,	  CVPR’06]	  



category	  
decision	  

learning	  

feature	  detec4on	  
&	  representa4on	  

vocabulary	  

image	  representa4on	  

category	  models	  
(and/or)	  classifiers	  

recogni4on	  



Visual	  words/bags	  of	  words	  
•  Advantages	  

–  flexible	  to	  geometry	  /	  deforma4ons	  /	  viewpoint	  
–  compact	  summary	  of	  image	  content	  
–  provides	  vector	  representa4on	  for	  sets	  
–  very	  good	  results	  in	  prac4ce	  

•  Disadvantages	  
–  background	  and	  foreground	  mixed	  when	  bag	  covers	  whole	  
image	  

–  op4mal	  vocabulary	  forma4on	  remains	  unclear	  
–  basic	  model	  ignores	  geometry	  –	  must	  verify	  aferwards,	  or	  
encode	  via	  features	  
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