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• How	  I	  got	  excited	  about	  computer	  vision

• Computer	  vision	  applica=ons

• Computer	  vision	  techniques	  and	  problems:
– High-‐level	  vision:	  	  combinatorial	  problems

– Low-‐level	  vision:	  	  underdetermined	  problems

– Miscellaneous	  problems
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The	  Taiyuan	  University	  of	  Technology	  Computer	  Center	  staff,	  and	  me	  
(1987)
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The	  Taiyuan	  University	  of	  Technology	  Computer	  Center	  staff,	  and	  me	  
(1987)
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Me	  and	  my	  wife,	  riding	  from	  the	  Foreigners’	  
Cafeteria	  
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Me	  in	  my	  office	  at	  the	  Computer	  Center
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Years	  ago,	  I	  read	  this	  book	  (re-‐issued	  by	  MIT	  Press	  in	  2010),	  and	  got	  very	  
excited	  about	  computer	  vision.
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Goal	  of	  computer	  vision

Marr:	  “To	  tell	  what	  is	  where	  by	  looking”.

Want	  to:
– Es=mate	  the	  shapes	  and	  proper=es	  of	  things.
– Recognize	  objects
– Find	  and	  recognize	  people
– Find	  road	  lanes	  and	  other	  cars
– Help	  a	  robot	  walk,	  navigate,	  or	  fly.
– Inspect	  for	  manufacturing
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Some	  par=cular	  goals	  of	  computer	  vision

• Wave	  a	  camera	  around,	  get	  a	  3-‐d	  model	  out.

• Capture	  body	  pose	  of	  actor	  dancing.

• Detect	  and	  recognize	  faces.

• Recognize	  objects.

• Track	  people	  or	  objects

• Enhance	  images
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Companies	  and	  applica=ons

• Cognex
• Poseidon
• Mobileye
• Eyetoy
• Iden=x
• Google
• Microsoe
• Face	  recogni=on	  in	  cameras
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Mobil	  Eye
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Microsoe	  Kinect,	  2010
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Google
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Some	  par=cular	  goals	  of	  computer	  vision	  
(status	  report)

• Wave	  a	  camera	  around,	  get	  a	  3-‐d	  model	  out	  (almost)

• Capture	  body	  pose	  of	  actor	  dancing.	  	  Using	  mul=ple	  cameras	  (preDy	  
well),	  using	  a	  single	  camera	  (not	  yet)

• Detect	  and	  recognize	  faces.	  (frontal,	  yes)

• Recognize	  objects.	  	  (working	  on	  it,	  lots	  of	  progress)

• Track	  people	  or	  objects	  (over	  short	  =mes)

• Enhance	  images	  (great	  image	  enlargements	  by	  4x)
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What	  makes	  computer	  vision	  hard?

27

Monday, January 24, 2011



What	  makes	  computer	  vision	  hard?

• variability.
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Mike	  Burton,	  hDp://www.psy.gla.ac.uk/~mike/averages.html
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intra-‐class	  varia,on

Slide	  from:	  	  Li	  Fei-‐Fei,	  Rob	  Fergus	  and	  Antonio	  Torralba,	  short	  course	  on	  object	  
recogni=on,	  hDp://people.csail.mit.edu/torralba/shortCourseRLOC/
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Object	  recogni-on	  issues

– Genera=ve	  /	  
discrimina=ve	  /	  hybrid
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– Appearance	  only	  or	  
loca=on	  and	  appearance
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Object	  recogni-on	  issues

– Genera=ve	  /	  
discrimina=ve	  /	  hybrid

– Appearance	  only	  or	  
loca=on	  and	  appearance

– Invariances
• View	  point
• Illumina=on
• Occlusion
• Scale
• Deforma=on
• CluDer
• etc.Slide	  from:	  	  Li	  Fei-‐Fei,	  Rob	  Fergus	  and	  Antonio	  Torralba,	  short	  course	  on	  object	  

recogni=on,	  hDp://people.csail.mit.edu/torralba/shortCourseRLOC/
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Let’s	  go	  back	  in	  =me,	  to	  the	  mid-‐1980’s
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What	  everyone	  looked	  like	  back	  then
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34

Features

• Points

but	  also,
• Lines
• Conics
• Other	  fiDed	  curves
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35

Features
“blocks	  world”
A	  toy	  world	  in	  which	  to	  
study	  image	  
interpreta=on.	  	  All	  we	  
have	  to	  do	  is	  to	  convert	  
real	  world	  images	  to	  their	  
blocks	  world	  equivalents	  
and	  we’re	  all	  set.

Yvan	  Leclerc	  and	  Mar=n	  
Fischler,	  an	  op=miza=on-‐
based	  approach	  to	  the	  

interpreta=on	  of	  single	  line	  
drawings	  as	  3-‐d	  wire	  frames.

Objects
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36HuDenlocher	  and	  Ullman,	  Object	  recogni=on	  using	  alignment,	  ICCV,	  1986

Computer	  vision	  research	  results,	  1986
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37From	  Rothwell	  et	  al,	  Efficient	  model	  library	  access	  by	  projec=vely	  invariant	  indexing	  func=ons,	  CVPR	  1992.

6	  years	  later:	  	  
Recognizing	  planar	  
objects	  using	  invariants.

Input	  image Edge	  points	  fiDed	  with	  lines	  or	  conics

Objects	  that	  have	  
been	  recognized	  
and	  verified.

Computer	  vision	  research	  results,	  1992
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Back	  to	  the	  present…
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What	  has	  allowed	  us	  to	  make	  progress?

• SIFT	  features

• Discrimina=ve	  classifiers

• Bayesian	  methods

• Large	  databases
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CVPR	  2003	  Tutorial

Recogni-on	  and	  Matching	  
Based	  on	  Local	  Invariant	  

Features	  

David	  Lowe	  

Computer	  Science	  Department

University	  of	  Bri=sh	  Columbia

hDp://www.cs.ubc.ca/~lowe/papers/ijcv04.pdf
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CVPR	  2003	  Tutorial

Recogni-on	  and	  Matching	  
Based	  on	  Local	  Invariant	  

Features	  

David	  Lowe	  

Computer	  Science	  Department

University	  of	  Bri=sh	  Columbia

hDp://www.cs.ubc.ca/~lowe/papers/ijcv04.pdf 9,000	  cita=ons!
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Invariant	  Local	  Features
• Image	  content	  is	  transformed	  into	  local	  feature	  
coordinates	  that	  are	  invariant	  to	  transla=on,	  
rota=on,	  scale,	  and	  other	  imaging	  parameters

SIFT Features
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Freeman	  et	  al,	  1998	  	  	  hDp://people.csail.mit.edu/billf/papers/cga1.pdf
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SIFT	  vector	  forma-on
• Computed	  on	  rotated	  and	  scaled	  version	  of	  window	  
according	  to	  computed	  orienta=on	  &	  scale

– resample	  a	  16x16	  version	  of	  the	  window

• Based	  on	  gradients	  weighted	  by	  a	  Gaussian	  of	  variance	  
half	  the	  window	  (for	  smooth	  falloff)
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SIFT	  vector	  forma-on
• 4x4	  array	  of	  gradient	  orienta=on	  histograms

– not	  really	  histogram,	  weighted	  by	  magnitude

• 8	  orienta=ons	  x	  4x4	  array	  =	  128	  dimensions

• Mo=va=on:	  	  some	  sensi=vity	  to	  spa=al	  layout,	  but	  not	  
too	  much.

showing	  only	  2x2	  here	  but	  is	  4x4
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Feature	  stability	  to	  noise
• Match	  features	  aeer	  random	  change	  in	  image	  scale	  &	  
orienta=on,	  with	  differing	  levels	  of	  image	  noise

• Find	  nearest	  neighbor	  in	  database	  of	  30,000	  features
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Feature	  stability	  to	  affine	  change
• Match	  features	  aeer	  random	  change	  in	  image	  scale	  &	  

orienta=on,	  with	  2%	  image	  noise,	  and	  affine	  distor=on
• Find	  nearest	  neighbor	  in	  database	  of	  30,000	  features
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Dis-nc-veness	  of	  features
• Vary	  size	  of	  database	  of	  features,	  with	  30	  degree	  affine	  
change,	  2%	  image	  noise

• Measure	  %	  correct	  for	  single	  nearest	  neighbor	  match
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Building a Panorama

M. Brown and D. G. Lowe. Recognising Panoramas. ICCV 2003
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Building a Panorama

M. Brown and D. G. Lowe. Recognising Panoramas. ICCV 2003
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These	  feature	  point	  detectors	  and	  descriptors	  
are	  the	  most	  important	  recent	  advance	  in	  

computer	  vision	  and	  graphics.	  	  

• Feature	  points	  are	  used	  also	  for:
– Image	  alignment	  (homography,	  fundamental	  matrix)

– 3D	  reconstruc=on

– Mo=on	  tracking

– Object	  recogni=on
– Indexing	  and	  database	  retrieval

– Robot	  naviga=on

– …	  other
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More	  uses	  for	  SIFT	  features

SIFT	  features	  have	  also	  been	  applied	  to	  
(categorical)	  object	  recogni=on
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Visual	  words

• Vector	  quan=ze	  SIFT	  descriptors	  to	  a	  
vocabulary	  of	  2	  or	  3	  thousand	  “visual	  words”.

• Heuris=c	  design	  of	  descriptors	  makes	  these	  
words	  somewhat	  invariant	  to:
– Ligh=ng

– 2-‐d	  Orienta=on

– 3-‐d	  Viewpoint
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Compare	  with	  
object	  class	  
database

Find	  words

Form	  histograms

Object	  recogni=on	  using	  visual	  words
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Now	  this	  starts	  to	  look	  like	  a	  discrete	  
algorithms	  problem

57

m	  feature	  words	  in	  test	  image	  region,	  n	  
possible	  matching	  features	  in	  a	  training	  
database	  for	  each	  of	  k	  possible	  object	  classes.	  	  
The	  feature	  word	  collec=ons	  will	  have	  
different	  sizes,	  and	  matching	  will	  be	  noisy.	  	  

Find	  the	  most	  probable	  object	  class.

Monday, January 24, 2011



My	  poll	  of	  the	  top	  researchers	  in	  computer	  vision
(pictured	  here:	  	  par=cipants	  in	  the	  BIRS	  Workshop	  on	  Computer	  

Vision	  and	  the	  Internet)
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“How	  do	  you	  think	  computer	  science	  can	  
best	  help	  computer	  vision?”

59
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Modal	  response:
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“How	  do	  you	  think	  computer	  science	  can	  
best	  help	  computer	  vision?”

59

Modal	  response:

“Fast,	  approximate	  nearest	  neighbor	  search	  
in	  high	  dimensions.”
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Nearest	  neighbor	  search	  in	  high	  dimensions

“Nearest	  neighbors	  in	  high-‐dimensions.	  	  category	  recogni=on.
for	  instance	  recogni=on,	  nn	  for	  individual	  features	  works	  fine.	  	  but
for	  category	  recogni=on,	  many	  =mes	  the	  local	  features	  are	  not,	  by
themselves,	  a	  close	  match,	  due	  to	  within-‐class	  varia=ons.”

“Nearest	  neighbor	  search,	  but	  taking	  into	  account	  our	  par=cular	  data.
or,	  tell	  us	  what	  ques=ons	  we	  should	  be	  asking	  about	  our	  data	  in	  order
to	  do	  nearest	  neighbor	  search	  well.”

“Parallelism-‐-‐where	  can	  we	  exploit	  it?
kd	  tree	  high	  d	  search.	  	  Does	  LSH	  work	  as	  adver=sed?	  	  in	  prac=ce	  not
as	  well.”
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International Conference on Computer Vision Theory and 
Applications (VISAPP), Lisbon, Portugal (Feb 2009)
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Comparison	  of	  different	  algorithms

62
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Addi=onal	  structure	  present	  in	  NN	  
problems	  for	  computer	  vision

63

m	  feature	  words	  in	  test	  image	  region,	  n	  possible	  matching	  features,	  in	  each	  of	  k	  possible	  
object	  classes.	  	  The	  feature	  word	  collec=ons	  will	  have	  different	  sizes,	  and	  matching	  will	  be	  
noisy.	  	  

How	  can	  we	  quickly	  iden=fy	  the	  most	  probable	  object	  categories?	  	  How	  handle	  feature	  
varia=ons	  in	  a	  principled	  way?	  	  How	  take	  feature	  posi=ons	  into	  account	  efficiently?

hDp://www.cs.utexas.edu/~grauman/research/projects/pmk/pmk_projectpage.htm
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Another NN search problem, with 
structure:  non-local means denoising 

International Journal of Computer Vision (IJCV) 76 
(2008) 123–139
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Non-local means denoising algorithm

International Journal of Computer Vision (IJCV) 76 (2008) 123–139
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An approx nearest-neighbor algo. that takes 
image spatial structure into account

•  The complexity of exhaustive KNN search is O(NHM2log(K)) 
for each frome (N: number of pixels, H: temporal window size, 
M: spatial window size, K: the number of nearest neighbors).
•  A solution:  randomized search [Barnes et al. Siggraph ’09]

•  The complexity is O(NHKlog(K))<<O(NHM2log(K)) (typically 
M=40, K=7)
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An approx nearest-neighbor algo. that takes 
image spatial structure into account

•  The complexity of exhaustive KNN search is O(NHM2log(K)) 
for each frome (N: number of pixels, H: temporal window size, 
M: spatial window size, K: the number of nearest neighbors).
•  A solution:  randomized search [Barnes et al. Siggraph ’09]

•  The complexity is O(NHKlog(K))<<O(NHM2log(K)) (typically 
M=40, K=7) This “patch match” algorithm is used in Photoshop’s wildly successful 

“content aware delete” feature in release CS5 in 2010.  Demo...

Monday, January 24, 2011



Problem:
Nearest	  neighbor	  search	  in	  high	  dimensions.

Applica=ons:
Non-‐parametric	  texture	  synthesis	  and	  super-‐resolu=on.	  	  Image	  
filling-‐in.	  	  Object	  recogni=on.	  	  Scene	  recogni=on.

References:
Fast	  approximate	  nearest	  neighbors	  with	  automaIc	  algorithm	  configuraIon,	  Muja	  and	  Lowe,	  VISAPP	  
2009,	  hRp://www.cs.ubc.ca/~lowe/papers/09muja.pdf

PatchMatch:	  A	  Randomized	  Correspondence	  Algorithm	  for	  Structural	  Image	  EdiIng
ACM	  TransacIons	  on	  Graphics	  (Proc.	  SIGGRAPH),	  August	  2009
Connelly	  Barnes,	  Eli	  Shechtman,	  Adam	  Finkelstein,
Dan	  B	  Goldman,	  hRp://www.cs.princeton.edu/gfx/pubs/Barnes_2009_PAR/patchmatch.pdf
Monday, January 24, 2011
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Another	  commonly	  expressed	  need:	  	  
help	  in	  scaling	  up	  algorithms

68

Many	  vision	  problems	  lead	  to	  integer	  programs,	  linear	  
programs,	  quadra=c	  programs,	  and	  semi-‐definite	  programs	  
for	  large	  amounts	  of	  high-‐dimensional	  data.	  	  

The	  standard	  solvers	  don’t	  work	  and	  we	  need	  special	  
purpose	  solvers	  that	  exploit	  the	  sparsity	  or	  structure	  of	  the	  
problem,	  or	  develop	  online	  versions	  of	  the	  algorithms.

For	  mul=-‐class	  categoriza=on,	  want	  to	  recognize	  1000’s	  of	  
object	  categories.
The	  categories	  live	  in	  taxonomies,	  and	  we	  want	  to	  exploit	  
that	  structure.
The	  unlabeled	  training	  set	  can	  be	  huge.
Seek	  to	  generalize	  from	  the	  few	  labeled	  training	  examples.
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Problem:
Scale	  up	  integer,	  linear,	  quadra=c,	  semi-‐definite	  programs,	  exploi=ng	  
sparsity	  or	  other	  structural	  characteris=cs.

Applica=ons:
Vision	  problems	  with	  large-‐scale	  training	  sets.

References:
	  Pushmeet Kohli, Lubor Ladicky, Philip Torr
Robust Higher Order Potentials for Enforcing Label Consistency. 
In: IJCV 2009.
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Outline

• Computer	  vision	  applica=ons

• Computer	  vision	  techniques	  and	  problems:
– High-‐level	  vision:	  	  combinatorial	  problems

– Low-‐level	  vision:	  	  underdetermined	  problems

– Miscellaneous	  problems

Monday, January 24, 2011



Priors on images

http://www.cns.nyu.edu/pub/lcv/rajashekar08a.pdf

original with additive noise

Noise removed, using simple prior Noise removed, assuming 
more complex prior model
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Removing camera shake
Original
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Removing camera shake
Original Our algorithm 
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Close-up

Original
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Close-up

Original Naïve Sharpening
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Close-up

Original Naïve Sharpening Our algorithm 
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Image formation process

= ⊗

Blurry image Sharp image

Blur 
kernel

Input to algorithm Desired output

Convolution
operator
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Multiple possible solutions

Blurry image
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Multiple possible solutions

Blurry image

Sharp image Blur kernel

= ⊗
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Multiple possible solutions

Blurry image

Sharp image Blur kernel

= ⊗

= ⊗
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Multiple possible solutions

= ⊗

Blurry image

Sharp image Blur kernel

= ⊗

= ⊗
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Multiple possible solutions

= ⊗

Blurry image

Sharp image Blur kernel

= ⊗

= ⊗
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Is each of the images that 
follow sharp or blurred?

Monday, January 24, 2011



Monday, January 24, 2011



Monday, January 24, 2011



Monday, January 24, 2011



Natural image statistics

Histogram of image gradients

Characteristic distribution with heavy tails
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Blury images have different 
statistics

Histogram of image gradients
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Parametric distribution

Histogram of image gradients

Use parametric model of sharp image statistics
Monday, January 24, 2011



Three sources of information
1. Reconstruction constraint:
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Three sources of information
1. Reconstruction constraint:

=⊗

Input blurry imageEstimated sharp image
Estimated
blur kernel
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Three sources of information
1. Reconstruction constraint:

=⊗

Input blurry imageEstimated sharp image
Estimated
blur kernel

2. Image prior:

Distribution 
of gradients
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Three sources of information
1. Reconstruction constraint:

=⊗

Input blurry imageEstimated sharp image
Estimated
blur kernel

3. Blur prior:

Positive
&

Sparse

2. Image prior:

Distribution 
of gradients
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Bayesian estimate of latent image, x, 
and blur kernel, b.

y – observed blurry image
x – unobserved sharp image
b – blur kernel 

i – image patch index
f – derivative filter

Likelihood Latent image prior Blur prior

Assumption: all pixels independent of one another

Sparse and
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Original photograph
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Blur kernel Our output
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Original photographMatlab’s deconvblind
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Original

Our output

Close-up of garland

Matlab’s
deconvblind
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Problem:
Sta=s=cal	  characteriza=on	  of	  images.

Applica=ons:
Low-‐level	  vision:	  	  noise	  removal,	  super-‐resolu=on,	  filling-‐in,	  texture	  
synthesis.

References:
U	  Rajashekar	  and	  E	  P	  Simoncelli,	  Mul=scale	  denoising	  of	  photographic	  images,	  in	  The	  Essen=al	  Guide	  to	  Image	  
Processing,pages	  241-‐-‐261.	  Academic	  Press,	  Jul	  2009.	  hDp://www.cns.nyu.edu/pub/lcv/rajashekar08a.pdf	  

R.	  Fergus,	  B.	  Singh,	  A.	  Hertzmann,	  S.	  Roweis,	  and	  W.	  T.	  Freeman,	  Removing	  camera	  shake	  from	  a	  single	  image,	  	  
SIGGRAPH	  2006.	  hDp://people.csail.mit.edu/billf/papers/deblur_fergus.pdf

Stefan	  Roth	  and	  Michael	  J.	  Black:	  Fields	  of	  Experts.	  Interna=onal	  Journal	  of	  Computer	  Vision	  (IJCV),	  82(2):205-‐229,	  
April	  2009.	  hDp://www.gris.informa=k.tu-‐darmstadt.de/~sroth/pubs/foe-‐ijcv.pdf

Y.	  Weiss	  and	  W.	  T.	  Freeman,	  What	  makes	  a	  good	  model	  of	  natural	  images?,	  	  IEEE	  Computer	  Vision	  and	  PaDern	  
Recogni=on	  (CVPR)	  2007.	  	  hDp://people.csail.mit.edu/billf/papers/foe-‐final.pdf
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Algorithm

– Pick	  size	  of	  block	  and	  size	  of	  overlap

– Synthesize	  blocks	  in	  raster	  order

– Search	  input	  texture	  for	  block	  that	  sa=sfies	  overlap	  
constraints	  (above	  and	  lee)

• Easy	  to	  op=mize	  using	  NN	  search	  [Liang	  et.al.,	  ’01]

– Paste	  new	  block	  into	  resul=ng	  texture
• use	  dynamic	  programming	  to	  compute	  minimal	  error	  
boundary	  cut
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Problem:
How	  to	  construct	  and	  manage	  a	  non-‐parametric	  signal	  prior?	  	  How	  
select	  the	  exemplars	  to	  use,	  how	  quickly	  find	  nearest	  neighbor	  
matches?

Applica=ons:
Low-‐level	  vision:	  	  noise	  removal,	  super-‐resolu=on,	  filling-‐in,	  texture	  
synthesis.

References:
W.	  T.	  Freeman,	  E.	  C.	  Pasztor,	  O.	  T.	  Carmichael	  Learning	  Low-‐Level	  Vision	  Interna=onal	  
Journal	  of	  Computer	  Vision,	  40(1),	  pp.	  25-‐47,	  2000.	  hDp://www.merl.com/reports/docs/
TR2000-‐05.pdf	  

	  	  Alexei	  A.	  Efros	  and	  Thomas	  K.	  Leung,	  Texture	  Synthesis	  by	  Non-‐parametric	  Sampling,
IEEE	  Interna=onal	  Conference	  on	  Computer	  Vision	  (ICCV'99),	  Corfu,	  Greece,	  September	  
1999	  ,	  hDp://graphics.cs.cmu.edu/people/efros/research/NPS/efros-‐iccv99.pdf	  
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Network	  joint	  probability,	  pairwise	  poten=als

label

image

label-‐label
compa=bility
func=on

neighboring
label	  nodes

local	  
observa=ons

Image-‐label
compa=bility
func=on

∏∏ ΦΨ=
i

ii
ji

ji yxxx
Z

yxP ),(),(1),(
,

Φ(xi,	  yi)

Ψ(xi,	  xj)

Special	  case	  of	  an	  image	  prior:	  	  MRF
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Some	  methods	  of	  approximate	  inference	  in	  
MRF’s

• loopy	  belief	  propaga=on

• graph-‐cuts	  (min-‐cut/max-‐flow)

97

Monday, January 24, 2011



MRF/CRF	  wishes

1.	  We’d	  like	  efficient	  algorithms	  for	  minimizing	  
non-‐submodular	  func=ons,	  and	  which	  give	  
bounds	  on	  the	  quality	  of	  the	  solu=on.

98
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99

Segmenta=on	  using	  MRF	  with	  
pairwise	  poten=als

Segmenta=on	  using	  MRF	  with	  
higher-‐order	  poten=als

Input	  image
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MRF/CRF	  wishes

2.There	  is	  real	  benefit	  to	  handling	  higher-‐order	  
cliques.	  	  Need	  beDer	  ways	  to	  solve	  MRF’s	  with	  
such	  cliques,	  and	  provide	  performance	  bounds.

3.We	  oeen	  work	  with	  one	  of	  two	  kinds	  of	  
constraints:	  	  (a)	  structure	  constraints,	  like	  
planarity	  or	  treewidth	  and	  (b)	  language	  
constraints,	  like	  submodularity	  or	  convexity.	  	  It	  
would	  be	  useful	  to	  be	  able	  to	  combine	  the	  two.

100
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ICCV	  2009
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Other	  constraints

• Topological	  constraints	  are	  oeen	  relevant	  to	  
images,	  want	  to	  perform	  discrete	  op=miza=on	  
under	  such	  constraints.

• For	  example:	  	  specify	  that	  all	  states	  with	  some	  
label	  within	  some	  neighborhood	  should	  be	  
connected.	  	  Or	  that	  a	  user-‐specified	  founding	  
box	  should	  somewhere	  touch	  a	  member	  of	  
some	  label	  set.	  	  Lack	  efficient	  ways	  to	  solve	  
that.

102
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Problem:
Inference	  in	  Markov	  Random	  Fields.	  	  Want	  to	  handle	  higher	  order	  
clique	  poten=als,	  high-‐dimensional	  state	  variables,	  and	  real-‐valued	  
state	  variables,	  language,	  structural,	  and	  topological	  constraints.

Applica=ons:
Low-‐level	  vision:	  	  noise	  removal,	  super-‐resolu=on,	  filling-‐in,	  texture	  
synthesis.

References:

Pushmeet	  Kohli,	  Lubor	  Ladicky,	  Philip	  Torr
Robust	  Higher	  Order	  Poten=als	  for	  Enforcing	  Label	  Consistency.
In:	  Interna=onal	  Journal	  of	  Computer	  Vision,	  2009.	  hDp://research.microsoe.com/en-‐us/
um/people/pkohli/papers/klt_IJCV09.pdf
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Outline

• About	  me

• Computer	  vision	  applica=ons

• Computer	  vision	  techniques	  and	  problems:
– High-‐level	  vision:	  	  combinatorial	  complexity

– Low-‐level	  vision:	  	  underdetermined	  problems

– Miscellaneous	  problems
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Compressed	  sensing

105
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Compressed	  sensing

• Current	  sparsity	  assump=ons	  are	  unrealis=c	  for	  
natural	  images.

• Is	  there	  a	  relaxed	  set	  of	  sparsity	  assump=ons,	  
which	  images	  meet,	  which	  would	  be	  useful	  for	  
compressed	  sensing?

• Are	  there	  useful	  applica=ons	  of	  compressed	  
sensing	  in	  the	  domain	  of	  natural	  images?

106
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Problem:
Is	  there	  a	  relaxed	  set	  of	  sparsity	  assump=ons,	  met	  by	  natural	  
images,	  useful	  for	  compressed	  sensing?

Applica=ons:
Poten=al	  photographic	  applica=ons.

References:
Y.	  Weiss,	  H.	  Sung-‐Chang	  and	  W.	  T.	  Freeman
Learning	  Compressed	  Sensing
Allerton	  Conference,	  2008
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Large,	  noisy	  datasets

• Rela=ve	  importance	  of	  vision	  system	  components:
– (1)	  datasets,	  (2)	  features,	  (3)	  algorithms

• Need	  progress	  handling	  large,	  noisy	  datasets.
– we	  assume	  training	  and	  test	  distribu=ons	  are	  the	  same;	  
they	  rarely	  are.	  	  Under	  what	  circumstances	  can	  you	  break	  
the	  assump=on	  that	  the	  two	  distribu=ons	  are	  the	  same?

– What	  is	  the	  effect	  on	  algorithms	  when	  the	  IID	  assump=on	  
doesn’t	  hold?

– huge	  datasets	  make	  online	  learning	  important.

108
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Problem:
Algorithms	  for	  large,	  inaccurately	  labeled	  datasets.

Applica=ons:
Most	  modern	  algorithms	  use	  such	  datasets.

References:

Spectral Hashing
Y. Weiss, A. Torralba, R. Fergus. 
Advances in Neural Information Processing Systems, 2008
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Shai	  Avidan
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Blind	  vision
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Problem:
Develop	  secure	  mul=-‐party	  techniques	  for	  vision	  algorithms.

Applica=ons:
Secure,	  distributed	  image	  analysis.

References:

S.	  Avidan	  and	  M.	  Butman
Blind	  Vision
European	  Conference	  on	  Computer	  Vision	  (ECCV),	  Graz,	  Austria,	  2006.
hDp://www.merl.com/reports/docs/TR2006-‐006.pdf

Paper	  abstract:
Alice	  would	  like	  to	  detect	  faces	  in	  a	  collec=on	  of	  sensi=ve	  
surveillance	  images	  she	  own.	  Bob	  has	  a	  face	  detec=on	  
algorithm	  that	  he	  is	  willing	  to	  let	  Alice	  use,	  for	  a	  fee,	  as	  long	  as	  
she	  learns	  nothing	  about	  his	  detector.	  Alice	  is	  willing	  to	  use	  
Bob´	  s	  detector	  provided	  that	  he	  will	  learn	  nothing	  about	  her	  
images,	  not	  even	  the	  result	  of	  the	  face	  detec=on	  opera=on.	  
Blind	  vision	  is	  about	  applying	  secure	  mul=-‐party	  techniques	  to	  
vision	  algorithms	  so	  that	  Bob	  will	  learn	  nothing	  about	  the	  
images	  he	  operates	  on,	  not	  even	  the	  result	  of	  his	  own	  
opera=on	  and	  Alice	  will	  learn	  nothing	  about	  the	  detector.	  The	  
prolifera=on	  of	  surveillance	  cameras	  raises	  privacy	  concerns	  
that	  can	  be	  addressed	  by	  secure	  mul=-‐party	  techniques	  and	  
their	  adapta=on	  to	  vision	  algorithms.
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Con=nuous	  to	  discrete	  representa=ons

114
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Problem:
A	  theory	  for	  how	  to	  op=mally	  quan=ze	  and	  manipulate	  probabili=es	  
over	  a	  con=nuous	  domain.

Applica=ons:
Probabilis=c	  shape	  es=ma=on.
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Ramanan
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Evaluate	  easily	  over	  a	  powerset	  of	  all	  
segmenta=ons.

Deva	  Ramanan:	  	  wants	  a	  fast	  and	  efficient	  way	  to	  search	  over	  all	  
possible	  segmenta=ons	  of	  an	  image,	  scoring	  each	  one	  against	  some	  
model.

hRp://www.di.ens.fr/~russell/papers/Russell06.pdf
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Problem:
Evaluate	  some	  segmenta=on-‐dependent	  func=on	  over	  (some	  
approxima=on	  to)	  all	  possible	  segmenta=ons.	  	  Note:	  	  different	  than	  
boDom-‐up	  segmenta=on,	  which	  I	  would	  not	  recommend	  as	  a	  
research	  project.

Applica=ons:
Image	  understanding.

References:
Deva’s	  home	  page:	  	  hDp://www.ics.uci.edu/~dramanan/

Using	  Mul=ple	  Segmenta=ons	  to	  Discover	  Objects	  and	  their	  Extent	  in	  Image	  Collec=ons,	  
Bryan	  Russell,	  Alexei	  A.	  Efros,	  Josef	  Sivic,	  Bill	  Freeman,	  Andrew	  Zisserman
in	  CVPR	  2006,	  hDp://people.csail.mit.edu/brussell/research/proj/mult_seg_discovery/
index.html
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Alyosha	  Efros
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Efros	  and	  Hoiem	  comments
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Really,	  we’d	  like	  another	  breakthrough...

Algorithms	  for	  inference	  and	  classifica=on,
– support	  vector	  machines

– boos=ng

– belief	  propaga=on

– graph	  cuts

have	  each	  led	  to	  much	  progress	  and	  crea=vity	  
within	  the	  field.	  	  We’re	  ready	  for	  the	  next	  
algorithm...
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David	  Lowe
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David	  Lowe

need	  beDer	  features.	  	  an	  ar=st	  can	  draw	  then	  end	  of	  an
elephant's	  trunk,	  and	  you	  know	  immediately	  what	  it	  is.	  	  but	  our
features	  don't	  capture	  that	  similarity	  at	  all.

learning	  of	  features	  from	  images.	  	  what	  is	  a	  natural	  encoding	  of	  images?
as	  a	  warning	  for	  what	  approach	  not	  to	  take:	  	  don't	  bother	  learning
transla=on	  invariance,	  or	  rota=on	  invariance.	  	  so	  a	  liDle	  bit	  of
supervision	  is	  ok.

tlc.howstuffworks.com
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Most	  references	  are	  in	  cita=on	  list	  
of	  SODA	  manuscript

124

Monday, January 24, 2011



Computer	  vision	  academic	  culture

No	  more	  “if	  only”	  papers

End-‐to-‐end	  empirical	  orienta=on.
There	  is	  a	  certain	  overhead	  in	  coming	  up	  to	  speed	  on	  the	  filters	  
and	  representa=ons.
Need	  dataset	  valida=on.
The	  compe==ve	  conferences	  have	  20-‐25%	  acceptance	  rate.	  	  Other	  
conferences	  have	  liDle	  impact.	  	  The	  compe==ve	  conferences:	  	  
CVPR,	  ICCV,	  ECCV,	  NIPS.

Thus:	  	  best	  to	  collaborate	  with	  a	  computer	  vision	  researcher.	  	  We	  
know	  that	  you	  can	  help	  us,	  and	  our	  doors	  are	  open.
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A	  computer	  graphics	  applica=on	  of	  nearest-‐neighbor	  
finding	  in	  high	  dimensions

Kaneva,	  Sivic,	  Torralba,	  Avidan,	  and	  Freeman,	  Infinite	  Images,	  Proceedings	  of	  IEEE,	  2010.
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A	  computer	  graphics	  applica=on	  of	  nearest-‐neighbor	  
finding	  in	  high	  dimensions

Kaneva,	  Sivic,	  Torralba,	  Avidan,	  and	  Freeman,	  Infinite	  Images,	  Proceedings	  of	  IEEE,	  2010.
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The	  image	  database

•We	  have	  collected	  ~6	  million	  images	  from	  Flickr	  
based	  on	  keyword	  and	  group	  searches

– typical	  image	  size	  is	  500x375	  pixels

– 720GB	  of	  disk	  space	  (jpeg	  compressed)
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Image	  representaIon

Color layout 

GIST                                      
[Oliva and Torralba’01]

Original image
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Obtaining	  semanIcally	  coherent	  themes
We further break-up the collection into themes of semantically 
coherent scenes:

Train SVM-based classifiers from 1-2k training images 
[Oliva and Torralba, 2001]
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Basic	  camera	  moIons	  

Forward motion Camera rotation Camera pan

Starting from a single image,      find a sequence of 
images to simulate a camera motion:
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Scene matching with camera view 
transformations: Translation

1. Input image
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Scene matching with camera view 
transformations: Translation

2. Move camera

1. Input image
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3. Find a match to fill 
the missing pixels

Scene matching with camera view 
transformations: Translation

2. Move camera

1. Input image

Monday, January 24, 2011



3. Find a match to fill 
the missing pixels

Scene matching with camera view 
transformations: Translation

2. Move camera

4. Locally align images

1. Input image
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3. Find a match to fill 
the missing pixels

Scene matching with camera view 
transformations: Translation

2. Move camera

4. Locally align images

5. Find a seam

1. Input image
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3. Find a match to fill 
the missing pixels

Scene matching with camera view 
transformations: Translation

2. Move camera

4. Locally align images

5. Find a seam

6. Blend in the gradient domain

1. Input image
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Scene matching with camera view 
transformations: Camera rotation

1. Rotate camera
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Scene matching with camera view 
transformations: Camera rotation

1. Rotate camera

2. View from the 
virtual camera
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Scene matching with camera view 
transformations: Camera rotation

1. Rotate camera

2. View from the 
virtual camera

3. Find a match to fill-in 
the missing pixels
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4. Stitched rotation

Scene matching with camera view 
transformations: Camera rotation

1. Rotate camera

2. View from the 
virtual camera

3. Find a match to fill-in 
the missing pixels
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4. Stitched rotation

Scene matching with camera view 
transformations: Camera rotation

1. Rotate camera

2. View from the 
virtual camera

3. Find a match to fill-in 
the missing pixels

5. Display on a cylinder
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More “infinite” images – camera translation

Monday, January 24, 2011



Monday, January 24, 2011



Monday, January 24, 2011



Image	  taxi
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Image	  taxi
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