








•  Many	
  photo-­‐sharing	
  sites	
  allow	
  photos	
  to	
  be	
  annotated	
  with	
  
geographic	
  loca5ons	
  (geo-­‐tags)	
  	
  
–  i.e.	
  la5tude-­‐longitude	
  coordinates	
  
–  input	
  via	
  a	
  map	
  user	
  interface,	
  or	
  from	
  GPS	
  



How	
  do	
  we	
  combine	
  visual	
  and	
  non-­‐visual	
  analysis	
  to:	
  

1. organize	
  vast	
  collec5ons	
  of	
  digital	
  photos?	
  

2. mine	
  photos	
  to	
  study	
  the	
  world	
  and	
  its	
  people?	
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•  Reconstruc5ng	
  annotated	
  maps	
  of	
  the	
  world	
  

•  Reconstruc5ng	
  3D	
  scene	
  structure	
  

•  Studying	
  human	
  mobility	
  

•  Future	
  direc5ons	
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•  Automa5cally	
  find	
  tags	
  that	
  are	
  dis5nct	
  to	
  a	
  spa5al	
  region	
  
–  Consider	
  tags	
  that	
  occur	
  in	
  >5%	
  of	
  the	
  photos	
  in	
  the	
  region	
  
–  Score	
  these	
  tags	
  according	
  to	
  a	
  likelihood	
  ra5o,	
  

–  Limit	
  any	
  single	
  user’s	
  contribu5on	
  to	
  these	
  scores	
  
–  Similar	
  to	
  approaches	
  in	
  [Ahern07],	
  [Kennedy08]	
  





1. eiffeltower, paris!
2. trafalgarsquare, london!
3. bigben, london!
4. londoneye, london!
5. notredame, paris!
6. tatemodern, london!
7. empirestatebuilding, newyorkcity!
8. venice, venezia!
9. colosseum, rome!
10. louvre, paris!
11. timessquare, newyorkcity!
12. rockefeller, newyorkcity!
13. cloudgate, chicago!
14. vaticano, rome!
15. sacrecoeur, paris!

16. piccadillycircus, london!
17. buckingham, london!
18. timessquare, newyorkcity!
19. arcdetriomphe, paris!
20. grandcentralstation, newyorkcity!
21. pantheon, rome!
22. sagradafamilia, barcelona!
23. towerbridge, london!
24. lincolnmemorial, washingtondc!
25. britishmuseum, london!
26. brandenburggate, berlin!
27. toweroflondon, london!
28. rialto, venezia!
29. applestore, newyorkcity!
30. spaceneedle, seattle!



•  Can	
  we	
  find	
  visual	
  descrip5ons	
  of	
  hotspots?	
  	
  
–  i.e.	
  an	
  image	
  representa5ve	
  of	
  the	
  place	
  

–  random	
  Flickr	
  images	
  geo-­‐tagged	
  <50m	
  from	
  Independence	
  Hall:	
  





•  We	
  use	
  SIFT	
  to	
  extract	
  interest	
  point	
  descriptors	
  [Lowe04]	
  
–  Compute	
  an	
  invariant	
  descriptor	
  for	
  each	
  interest	
  point	
  

–  ~1000	
  interest	
  points	
  per	
  image,	
  128-­‐dimensional	
  descriptors	
  

–  To	
  compare	
  2	
  images,	
  count	
  number	
  of	
  “matching”	
  descriptors	
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•  From	
  a	
  collec5on	
  of	
  unstructured	
  user-­‐generated	
  images,	
  
build	
  a	
  3D	
  model	
  of	
  a	
  landmark	
  
–  Related	
  to	
  the	
  classical	
  Structure	
  from	
  Mo5on	
  (SfM)	
  problem	
  
–  e.g.	
  [Snavely06],	
  [Li08],	
  [Agarwal09],	
  [Frahm10],	
  and	
  commercial	
  

products	
  (e.g.	
  Microsoi	
  PhotoSynth)	
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•  Exis5ng	
  approaches	
  use	
  an	
  incremental	
  approach	
  
–  Solve	
  reconstruc5on	
  problem	
  for	
  2	
  images,	
  then	
  add	
  a	
  
third	
  and	
  solve,	
  then	
  add	
  a	
  4th	
  and	
  solve,	
  etc…	
  

	
  Works	
  very	
  well	
  for	
  many	
  scenes	
  

	
  Poor	
  scalability	
  (running	
  5me	
  quar5c	
  in	
  #	
  of	
  images)	
  
	
  Poor	
  results	
  if	
  a	
  bad	
  seed	
  image	
  set	
  is	
  chosen	
  
	
  Drii	
  and	
  bad	
  local	
  minima	
  for	
  some	
  scenes	
  



•  View	
  as	
  inference	
  on	
  a	
  Markov	
  Random	
  Field	
  (MRF)	
  model,	
  
solving	
  for	
  all	
  camera	
  poses	
  at	
  once	
  

–  Ver$ces	
  are	
  cameras	
  (and/or	
  points)	
  

–  Both	
  pairwise	
  and	
  unary	
  constraints	
  
–  Inference	
  problem:	
  label	
  each	
  
image	
  with	
  a	
  camera	
  pose,	
  such	
  that	
  
constraints	
  are	
  sa5sfied	
  



•  Compute	
  rela5ve	
  pose	
  between	
  pairs	
  of	
  cameras,	
  using	
  2-­‐frame	
  SfM	
  
	
   	
   	
   	
   	
   	
   	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [Nister04]	
  

•  Want	
  to	
  find	
  absolute	
  camera	
  poses	
  (Ri,	
  ti)	
  and	
  (Rj,	
  tj)	
  such	
  that:	
  

tij 

Rij 



•  We	
  may	
  have	
  noisy	
  absolute	
  pose	
  es5mates	
  	
  
	
  for	
  some	
  cameras	
  
–  2-­‐d	
  posi5ons	
  from	
  geotags	
  (GPS	
  coordinates)	
  
–  Orienta5ons	
  (5lt	
  &	
  twist	
  angles)	
  from	
  vanishing	
  point	
  detec5on	
  	
  



•  Given	
  pairwise	
  and	
  absolute	
  pose	
  constraints,	
  we	
  want	
  to	
  
solve	
  for	
  all	
  absolute	
  camera	
  poses	
  simultaneously	
  
–  for	
  n	
  cameras,	
  es5mate	
  	
  	
  	
  	
  =(R1,	
  R2,	
  …,	
  Rn)	
  and	
  	
  	
  	
  	
  =(t1,	
  t2,	
  …,	
  tn)	
  
	
  so	
  as	
  to	
  minimize	
  total	
  error	
  over	
  the	
  en5re	
  graph,	
  

•  This	
  is	
  a	
  Markov	
  Random	
  Field,	
  which	
  we	
  solve	
  approximately	
  
using	
  Belief	
  Propaga5on	
  



Acropolis	
  
Total	
  images:	
  2,961	
  
Reconstructed	
  images:	
  454	
  
Edges	
  in	
  MRF:	
  65,097	
  







•  From	
  streams	
  of	
  geo-­‐tagged,	
  5mestamped	
  photos	
  



•  On	
  k	
  different	
  occasions,	
  you	
  observe	
  two	
  people	
  at	
  about	
  the	
  
same	
  place.	
  What	
  are	
  the	
  chances	
  that	
  they	
  know	
  each	
  other?	
  
–  Or:	
  what	
  are	
  the	
  chances	
  that	
  these	
  geo-­‐temporal	
  coincidences	
  are	
  just	
  

a	
  coincidence?	
  

•  Related	
  to	
  much	
  exis5ng	
  work	
  on	
  human	
  mobility	
  
–  [Brockmann06],	
  [Gonzalez08],	
  [Adrienko10]…	
  	
  

–  [Eagle09]	
  predict	
  social	
  connec5ons	
  among	
  small	
  groups	
  of	
  people	
  
using	
  dense	
  geo-­‐temporal	
  data	
  (cell	
  phones)	
  

•  Also	
  related	
  
–  Inferring	
  social	
  network	
  based	
  on	
  online	
  ac5vi5es:	
  [Provost09],	
  

[Schifanella10]	
  …	
  

–  Studies	
  of	
  coincidences:	
  [Diaconis89],	
  [Griffiths01],	
  [Guilt49]	
  …	
  



•  We	
  discre5ze	
  the	
  world	
  into	
  s°	
  ×	
  s°	
  bins	
  

•  For	
  each	
  pair	
  of	
  users,	
  count	
  the	
  number	
  of	
  bins	
  in	
  which	
  
they	
  have	
  taken	
  a	
  photo	
  within	
  t	
  days	
  of	
  one	
  another	
  

•  Compute	
  probability	
  that	
  the	
  two	
  people	
  are	
  “friends”,	
  given	
  
that	
  we’ve	
  observed	
  k	
  co-­‐occurrences	
  
–  where	
  being	
  contacts	
  on	
  Flickr	
  is	
  a	
  proxy	
  for	
  friendship	
  



•  Aier	
  5	
  co-­‐occurrences	
  with	
  s=1°	
  (roughly	
  100	
  km)	
  and	
  t=1	
  day,	
  
the	
  probability	
  that	
  two	
  people	
  are	
  contacts	
  is	
  ~60%	
  
–  Even	
  aier	
  2	
  co-­‐occurrences,	
  probability	
  is	
  ~1%	
  (~100	
  5mes	
  baseline)	
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•  The	
  world	
  consists	
  of	
  N	
  spa5al	
  bins	
  
–  There	
  are	
  M	
  people,	
  each	
  with	
  exactly	
  one	
  friend	
  

–  Each	
  day,	
  each	
  pair	
  of	
  friends	
  chooses	
  a	
  random	
  bin	
  to	
  visit	
  either	
  
jointly	
  (probability	
  β)	
  or	
  independently	
  (probability	
  1-­‐β)	
  	
  

•  Using	
  Bayes	
  Law,	
  compute	
  condi5onal	
  probability	
  of	
  friendship	
  
as	
  a	
  func5on	
  of	
  k	
  

M=7500,	
  N=100,	
  β=0.05	
  

(lo
g 

sc
al

e)
 



•  Add	
  no5on	
  of	
  homophily	
  to	
  the	
  model	
  
–  Since	
  friends	
  are	
  similar	
  people,	
  they’ll	
  choose	
  similar	
  des5na5ons	
  even	
  

when	
  choosing	
  independently	
  

•  Again,	
  N	
  spa5al	
  bins,	
  M	
  people,	
  each	
  with	
  one	
  friend	
  
–  Each	
  person	
  has	
  a	
  “home	
  cell”;	
  friends	
  have	
  the	
  same	
  home	
  cell	
  

–  Sample	
  bins	
  to	
  visit	
  from	
  a	
  power	
  law	
  distribu5on	
  centered	
  at	
  home	
  cell	
  
[Brockmann06]	
  

–  Choose	
  bins	
  jointly	
  with	
  probability	
  β	
  or	
  independently	
  (1-­‐β)	
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How	
  do	
  we	
  use	
  visual	
  and	
  non-­‐visual	
  analysis	
  to:	
  

1. organize	
  vast	
  collec5ons	
  of	
  digital	
  photos?	
  

2. mine	
  photos	
  to	
  study	
  the	
  world	
  and	
  its	
  people?	
  



•  Biologists	
  &	
  ecologists	
  would	
  like	
  con5nental-­‐scale	
  observa5onal	
  
data	
  about	
  flowers	
  &	
  wildlife	
  
–  When	
  &	
  where	
  are	
  plants	
  flowering?	
  How	
  are	
  birds	
  migra5ng?	
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•  Using visual, textual, temporal features, correct 
classification rate about 50% among top 500 landmarks
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  2009.	
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