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S. Song and M. Chandraker. Robust scale estimation in real-time monocular SFM for autonomous driving. In CVPR 2014, pages 1566–1573, 2014. 
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•  Es7mate	
  camera	
  poses	
  and	
  the	
  ground	
  plane.	
  
•  Ground	
  plane	
  provides	
  the	
  absolute	
  scale	
  of	
  
the	
  transla7on.	
  	
  
•  A	
  novel	
  data-­‐driven	
  framework	
  that	
  
es7mates	
  the	
  ground	
  plane.	
  
•  The	
  framework	
  combines	
  mul7ple	
  cues	
  based	
  
on	
  per-­‐frame	
  observa7on	
  covariance.	
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Intensity-­‐based	
  Pose	
  Alignment	
  

•  Photo-­‐consistency	
  assump7on.	
  
•  Pose	
  es7ma7on	
  without	
  feature	
  matching.	
  
•  Avoid	
  PnP	
  failure	
  when	
  feature	
  tracks	
  are	
  
not	
  plen7ful.	
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•  Op7cal	
  flow	
  within	
  sub-­‐image	
  defined	
  by	
  
object	
  bounding	
  box.	
  
•  Op7cal	
  flow	
  with	
  epipolar	
  constraints.	
  
•  Faster	
  speed	
  and	
  beWer	
  accuracy.	
  

Dense	
  Feature	
  Tracking	
  

•  8x8	
  bucke7ng	
  with	
  highest	
  Harris	
  Score.	
  
•  Quality	
  control	
  of	
  the	
  tracks.	
  

•  C. Kerl et al. ICRA 2013; N. Slesareva et al. Pattern Recognition 2005; C. Zach et al. DAGM 2007; N. Sundaram et al. ECCV 2010. 

Method	
  
Ground	
  truth	
  tracks	
   Tracked	
  bounding	
  boxes*	
  

Near	
  Object	
   Far	
  Object	
   Near	
  Object	
   Far	
  Object	
  
Z(%)	
   X(m)	
   Size(%)	
   Z(%)	
   X(m)	
   Size(%)	
   Z(%)	
   X(m)	
   Size(%)	
   Z(%)	
   X(m)	
   Size(%)	
  

CalibGround	
   10.2	
   0.53	
   14.8	
   25.3	
   0.79	
   12.3	
   13.9	
   0.58	
   16.1	
   26.9	
   0.75	
   12.0	
  
Adap7ve	
  
Ground	
   9.0	
   0.38	
   14.8	
   9.8	
   0.35	
   12.3	
   13.3	
   0.50	
   16.1	
   10.2	
   0.33	
   12.0	
  

Ground+Opt	
   6.4	
   0.26	
   9.3	
   8.9	
   0.35	
   13.3	
   9.5	
   0.33	
   13.5	
   9.4	
   0.34	
   13.6	
  
Ground+Opt

+Det	
   6.1	
   0.25	
   9.1	
   8.6	
   0.33	
   12.1	
   9.4	
   0.32	
   12.4	
   9.5	
   0.33	
   12.5	
  

Ground+Opt
+Det+PnP	
   5.9	
   0.24	
   8.1	
   8.5	
   0.34	
   11.8	
   9.4	
   0.30	
   10.9	
   11.2	
   0.37	
   14.2	
  

Ground+Opt
+Det+Align	
   5.5	
   0.24	
   7.3	
   8.3	
   0.33	
   12.0	
   8.3	
   0.28	
   8.0	
   10.4	
   0.36	
   13.9	
  

*A. Geiger et al. PAMI 2014; A. Geiger et al. CVPR, 2012. 
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Detection Score
Mixture of Gaussian

Priors	
  

w ηw

η = 2.5

Use the edges of the 2D bounding 
box as constraints. 

Detection score modeling allows 3D 
cues to adjust suboptimal 2D tracks. 

Trajectory smoothness and 
length ratio prior. 

Ini+aliza+on	
  and	
  Op+miza+on	
  

nγ n 

Ini+aliza+on	
  

•  Heading	
  angle:	
  nonholonomic	
  
mo7on	
  assump7on.	
  
•  3D	
  bounding	
  box:	
  Fit	
  to	
  the	
  2D	
  
tracks	
  assuming	
  it	
  is	
  on	
  the	
  ground.	
  
•  3D	
  points:	
  lie	
  on	
  the	
  plane	
  nγ.	
  

εsfm +λoεobj +λpεprior

Op+miza+on	
  

•  Minimize	
  over	
  all	
  object	
  poses	
  in	
  a	
  window.	
  
•  Can	
  be	
  posed	
  as	
  extension	
  of	
  bundle	
  
adjustment	
  that	
  includes	
  object	
  cues	
  
•  Use	
  Levenberg-­‐Marquardt	
  like	
  tradi7onal	
  
bundle	
  adjustment.	
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