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Toward	
  Automated	
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Wheel	
  Odometry	
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Why	
  Mul1-­‐Camera	
  System?	
  
•  Cameras	
  are	
  low-­‐cost	
  and	
  easy	
  to	
  maintain.	
  
•  Aesthe1c:	
  Car	
  appearance	
  not	
  changed.	
  
•  Configured	
  be	
  chosen	
  to	
  maximize	
  field-­‐of-­‐view.	
  
•  Absolute	
  scale	
  directly	
  from	
  the	
  epipolar	
  geometry.	
  

Front	
   Rear	
  

LeG	
   Right	
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Monocular	
  fish-­‐eye	
  video	
  depth	
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(Haene	
  et	
  al.)	
  

Provides	
  depth	
  on	
  side	
  of	
  vehicle	
  (e.g.	
  parking	
  spots)	
  
Complementary	
  to	
  stereo	
  forward/backward	
  
	
  	
  

Similar	
  technology	
  explored	
  	
  
for	
  



Joint	
  3D	
  reconstruc1on	
  	
  
and	
  class	
  segmenta1on	
  

11	
  

joint	
  reconstruc1on	
  	
  
and	
  segmenta1on	
  	
  
(ground,	
  building,	
  vegeta1on,	
  stuff)	
  	
  

reconstruc1on	
  only	
  
(isotropic	
  smoothness	
  prior)	
  	
  

(Haene et al CVPR13) 

n	
  Building	
  	
  
n	
  Ground 
n	
  Vegeta1on	
  	
  
n	
  Clu_er	
  	
  



Workflow:	
  Offline	
  Mapping	
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System	
  re-­‐calibra1on	
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Infrastructure-­‐Based	
  Calibra5on	
  of	
  a	
  Mul5-­‐Camera	
  Rig	
  
Lionel	
  Heng,	
  Mathias	
  Buerki,	
  Gim	
  Hee	
  Lee,	
  Paul	
  Furgale,	
  Roland	
  Siegwart,	
  and	
  Marc	
  Pollefeys	
  
IEEE	
  Interna1onal	
  Conference	
  on	
  Robo1cs	
  and	
  Automa1on	
  (ICRA),	
  2014.	
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Why	
  Mapping	
  and	
  Pose	
  Es1ma1on?	
  

Start	
  

Goal:	
  CAB	
  Building	
  



Mapping	
  and	
  Pose	
  Es1ma1on:	
  
Overview	
  

Mo5on	
  Es5ma5on	
  
• 	
  Ackermann	
  Mo1on	
  
• 	
  Structureless	
  Loop-­‐Constraint	
  
• 	
  Known	
  Ver1cal	
  

Unsupervised	
  Learning	
  of	
  
Threshold	
  for	
  

Geometrical	
  Verifica5on	
  

Robust	
  Pose-­‐Graph	
  Loop-­‐
Closure	
  

Non-­‐Perspec5ve	
  Pose	
  
Es5ma5on	
  

(Localiza5on)	
  

Mul5-­‐Camera	
  Images	
  

Sparse	
  Map	
  

Mul5-­‐Camera	
  Pose	
  
w.r.t	
  Sparse	
  Map	
  

Mul5-­‐Camera	
  Images	
  

Mo5on	
  Es5ma5on	
  
• 	
  Ackermann	
  Mo1on	
  
• 	
  Structureless	
  Loop-­‐Constraint	
  
• 	
  Known	
  Ver1cal	
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Monocular	
  Epipolar	
  Geometry	
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C1	
   C2	
  

Given:	
  2D	
  point	
  correspondences,	
  x1↔	
  x2.	
  
Find:	
  R	
  and	
  t	
  that	
  relates	
  the	
  two	
  frames.	
  

x1	
   x2	
  

X	
  

I1	
   I2	
  

(R, t) ?	
  

021 =ExxT

E = t[ ]x R

Essen5al	
  Matrix	
  

0=Ae



Plücker	
  Line	
  

•  Light	
  rays	
  do	
  meet	
  at	
  a	
  single	
  center	
  of	
  
projec1on.	
   xj	
  

x2	
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Plücker	
  Line	
  

•  6-­‐vector	
  Plücker	
  line	
  to	
  represent	
  the	
  light	
  rays.	
  
xj	
  

uij	
  

tCi	
  

V	
  	
  :	
  Reference	
  frame	
  
uij	
  	
  :	
  Unit	
  direc1on	
  of	
  ray	
  
Tci	
  	
  :	
  Transla1on	
  from	
  Ci	
  to	
  V	
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Generalized	
  Epipolar	
  Constraint	
  

•  Generalized	
  Epipolar	
  constraint:	
  

	
  
•  E = [R]xt :	
  conven1onal	
  Essen1al	
  matrix.	
  
•  [R, t] is	
  the	
  rela1ve	
  transforma1on.	
  
•  Absolute	
  scale	
  can	
  be	
  obtained!	
  
	
  

Using	
  many	
  cameras	
  as	
  one	
  
Robert	
  Pless	
  	
  	
  	
  	
  	
  	
  	
  
IEEE	
  Conference	
  on	
  Computer	
  Vision	
  and	
  Pa_ern	
  Recogni1on	
  (CVPR)	
  2003	
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Generalized	
  Epipolar	
  Constraint	
  

•  Problems:	
  

–  Linear	
  solu1on	
  requires	
  17-­‐point	
  correspondences.	
  
	
  → ~600k	
  RANSAC	
  loops	
  needed.	
  	
  

	
  

– Minimal	
  problem	
  needs	
  6-­‐point	
  correspondences	
  but	
  gives	
  
64	
  solu1ons.	
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Mo1on	
  Es1ma1on:	
  Ackermann	
  Constraint	
  	
  

•  Enforce	
  Ackermann	
  mo1on	
  constraint:	
  

•  2	
  degree-­‐of-­‐freedom	
  
	
  → 2-­‐point	
  minimal	
  problem.	
  

	
   17	
  RANSAC	
  Loops!	
  
Mo5on	
  Es5ma5on	
  for	
  a	
  Self-­‐Driving	
  Car	
  with	
  a	
  Generalized	
  Camera	
  	
  
Gim	
  Hee	
  Lee,	
  Friedrich	
  Fraundorfer,	
  and	
  Marc	
  Pollefeys	
  	
  
IEEE	
  Conference	
  on	
  Computer	
  Vision	
  and	
  Pa_ern	
  Recogni1on	
  (CVPR)	
  2013	
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Mo1on	
  Es1ma1on:	
  Ackermann	
  Constraint	
  	
  

•  Generalized	
  Essen1al	
  matrix	
  with	
  Ackermann	
  constraint:	
  

	
  
•  Solve	
  for	
  ρ and θ from	
  the	
  Epipolar	
  constraint.	
  
	
  → 2	
  polynomial	
  equa1ons	
  with	
  2	
  unknowns.	
  

0
2

cossincos

0
2

cossincos

2222

1111
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ρθθ
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•  Can	
  be	
  solved	
  in	
  closed-­‐form	
  with	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  .	
  	
  

•  Up	
  to	
  6	
  real	
  solu1ons.	
  

Mo1on	
  Es1ma1on:	
  Ackermann	
  Constraint	
  	
  

25	
  



Degenerated	
  Case	
  
•  Pure	
  transla1on	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  and	
  intra-­‐camera	
  
correspondences:	
  

IR = '
CiCi tt =

Scale	
  cannot	
  
be	
  solved!	
  

Solu1on:	
  	
  
Use	
  1	
  addi1onal	
  inter-­‐
camera	
  correspondence!	
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Mo1on	
  Es1ma1on:	
  Ackermann	
  Constraint	
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Results	
  

Pose-­‐graph	
  before	
  and	
  
amer	
  loop-­‐closure.	
  

Final	
  map	
  with	
  3D	
  points	
  
amer	
  full	
  bundle	
  adjustment.	
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Mo1on	
  Es1ma1on:	
  
Structureless	
  Loop-­‐Constraints	
  

•  Drims	
  from	
  wheel/visual	
  
odometry.	
  

•  Find	
  the	
  loop-­‐closure	
  
constraints	
  with	
  our	
  mul1-­‐
camera	
  system.	
  

•  Absolute	
  scale	
  directly	
  from	
  
the	
  epipolar	
  geometry	
  →	
  
structureless!	
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Structureless	
  Pose-­‐Graph	
  Loop-­‐Closure	
  with	
  a	
  Mul5-­‐Camera	
  System	
  on	
  a	
  Self-­‐Driving	
  Car	
  	
  
Gim	
  Hee	
  Lee,	
  Friedrich	
  Fraundorfer,	
  and	
  Marc	
  Pollefeys	
  	
  
IEEE/RSJ	
  Interna1onal	
  Conference	
  on	
  Intelligent	
  Robots	
  and	
  Systems	
  (IROS)	
  2013	
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Structureless	
  Loop-­‐Constraints:	
  
Framework	
  

Pose-­‐Graph	
  
Forma5on	
  

+	
  
Place	
  Recogni5on	
  

3-­‐Point	
  RANSAC	
  
+	
  

Geometric	
  
Verifica5on	
  

List	
  of	
  Loop-­‐Closure	
  
Candidates	
   Loop	
  	
  

Constraints	
  Images	
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Our	
  3-­‐Point	
  Algorithm	
  

Only	
  34	
  RANSAC	
  loops!	
  

•  Relax	
  Ackermann	
  to	
  planar	
  constraint:	
  

•  3	
  degrees-­‐of-­‐freedom	
  → 3-­‐point	
  minimal	
  problem.	
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Our	
  3-­‐Point	
  Algorithm	
  

•  Generalized	
  Essen1al	
  matrix	
  with	
  planar	
  constraint:	
  

	
  
•  Solve	
  for	
  x,	
  y	
  and	
  q	
  from	
  the	
  Epipolar	
  constraint.	
  
	
  → 3	
  polynomial	
  equa1ons	
  with	
  3	
  unknowns.	
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Hidden	
  Variable	
  Resultant	
  

•  “Hide”	
  the	
  variable	
  q	
  to	
  form:	
  

•  From	
  linear	
  algebra,	
  we	
  have	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  .	
  
•  Univariate	
  6-­‐degree	
  polynomial:	
  

where,	
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Solving	
  the	
  6-­‐Degree	
  Polynomial	
  

•  Eigen-­‐values	
  of	
  companion	
  matrix	
  are	
  the	
  roots	
  
of	
  6-­‐degree	
  polynomial,	
  i.e.	
  q.	
  

•  x	
  and	
  y	
  are	
  computed	
  by	
  back-­‐subs1tu1on.	
  
	
   34	
  



Degenerated	
  Case:	
  No	
  Rota1on	
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Results:	
  Parking	
  Garage	
  1	
  

•  Wheel	
  odometry	
  

Single	
  front-­‐looking	
  camera	
   Mul5-­‐camera	
  system	
  

36	
  



Results:	
  Parking	
  Garage	
  1	
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Results:	
  Campus	
  1	
  

•  Wheel	
  Odometry	
  

Single	
  front-­‐looking	
  camera	
   Mul5-­‐camera	
  system	
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Results:	
  Parking	
  Garage	
  2	
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Results:	
  Campus	
  1	
  

Single	
  front-­‐looking	
  camera	
   Mul5-­‐camera	
  system	
  

•  Visual	
  Odometry	
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Results:	
  Campus	
  1	
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Mo1on	
  Es1ma1on:	
  Known	
  Ver1cal	
  

Rela5ve	
  Pose	
  Es5ma5on	
  for	
  a	
  Mul5-­‐Camera	
  System	
  with	
  Known	
  Ver5cal	
  Direc5on	
  	
  
Gim	
  Hee	
  Lee,	
  Marc	
  Pollefeys,	
  and	
  Friedrich	
  Fraundorfer	
  	
  
Submi_ed	
  to:	
  IEEE	
  Conference	
  on	
  Computer	
  Vision	
  and	
  Pa_ern	
  Recogni1on	
  (CVPR)	
  2014	
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Results:	
  Up	
  a	
  Ramp	
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Results:	
  Down	
  2	
  Ramps	
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Mapping	
  and	
  Pose	
  Es1ma1on:	
  
Overview	
  

Mo5on	
  Es5ma5on	
  
• 	
  Ackermann	
  Mo1on	
  
• 	
  Structureless	
  Loop-­‐Constraint	
  
• 	
  Known	
  Ver1cal	
  

Unsupervised	
  Learning	
  of	
  
Threshold	
  for	
  

Geometrical	
  Verifica5on	
  

Robust	
  Pose-­‐Graph	
  Loop-­‐
Closure	
  

Non-­‐Perspec5ve	
  Pose	
  
Es5ma5on	
  

(Localiza5on)	
  

Mul5-­‐Camera	
  Images	
  

Sparse	
  Map	
  

Mul5-­‐Camera	
  Pose	
  
w.r.t	
  Sparse	
  Map	
  

Mul5-­‐Camera	
  Images	
  

Unsupervised	
  Learning	
  of	
  
Threshold	
  for	
  

Geometrical	
  Verifica5on	
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Geometric	
  Verifica1on	
  

Pose-­‐Graph	
  
Forma5on	
  

+	
  
Place	
  Recogni5on	
  

3-­‐Point	
  RANSAC	
  
+	
  

Geometric	
  
Verifica5on	
  

List	
  of	
  Loop-­‐Closure	
  
Candidates	
   Loop	
  	
  

Constraints	
  Images	
  

I1 
I2 

I3 

I4 

I5 I6 
I7 

I8 I9 
I10 

#inliers	
  >	
  Threshold?	
  

#inliers	
  >	
  Threshold?	
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Geometric	
  Verifica1on:	
  Problem	
  

•  Threshold	
  is	
  unknown	
  and	
  empirically	
  chosen.	
  

•  Too	
  high:	
  	
  
– many	
  correct	
  loop-­‐closures	
  are	
  omi_ed.	
  

•  Too	
  low:	
  	
  
– many	
  wrong	
  loop-­‐closures.	
  

Unsupervised	
  Learning	
  of	
  Threshold	
  for	
  Geometric	
  Verifica5on	
  in	
  Visual-­‐Based	
  Loop-­‐Closure	
  	
  
Gim	
  Hee	
  Lee,	
  and	
  Marc	
  Pollefeys	
  	
  
Submi_ed	
  to:	
  IEEE	
  Interna1onal	
  Conference	
  on	
  Robo1cs	
  and	
  Automa1on	
  (ICRA)	
  2014	
  	
  

47	
  



Unsupervised	
  Learning	
  of	
  Threshold	
  

Distribu5on	
  of	
  inlier	
  counts	
  from	
  
all	
  geometric	
  verifica5ons	
  

Modeled	
  as	
  Two-­‐Components	
  
Log-­‐Normal	
  Mixture	
  Distribu5on	
  

Ground	
  Truth	
  from	
  GPS/INS	
  

48	
  



Unsupervised	
  Learning	
  of	
  Threshold	
  

•  Two-­‐Components	
  Log-­‐Normal	
  Mixture	
  Distribu1on:	
  

Robot	
  Poses:	
  

N	
  Poten5al	
  Loop-­‐Closure	
  Pairs:	
  

Inlier	
  counts	
  from	
  all	
  N	
  poten5al	
  loop-­‐closures:	
  
Observed	
  variable	
  

Latent	
  variable	
  
Actual	
  loop-­‐closure	
  state:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  ,	
  

Hidden	
  variable	
  
Mean:	
  	
   Standard	
  Devia5on:	
  	
  

Mixing	
  Coefficients:	
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Unsupervised	
  Learning	
  of	
  Threshold	
  

•  Find	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  that	
  maximizes	
  the	
  	
  
	
  	
  	
  	
  	
  loglikelihood	
  

Inference	
  with	
  Expecta1on	
  Maximiza1on!	
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Solve	
  for	
  Threshold	
  

•  Threshold	
  is	
  the	
  intersec1on	
  of	
  the	
  log-­‐normal	
  
distribu1ons:	
  

•  Degenerated	
  case:	
  Too	
  few	
  loop-­‐closures.	
  
•  	
  	
  	
  	
  	
  	
  test,	
  i.e.	
  “goodness-­‐of-­‐fit”	
  to	
  detect	
  
degeneracy.	
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Results:	
  Wolfsburg	
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Results:	
  Parking	
  Garage	
  1	
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Results:	
  New	
  College	
  (Stereo)	
  

The	
  New	
  College	
  Vision	
  and	
  Laser	
  Dataset	
  
M.	
  Smith,	
  I.	
  Baldwin,	
  W.	
  Churchill,	
  R.	
  Paul,	
  and	
  P.	
  Newman,	
  	
  
Interna1onal	
  Journal	
  of	
  Robo1cs	
  Research	
  (IJRR),	
  vol.	
  28,	
  no.	
  5,	
  pp.	
  595–599,	
  May	
  2009.	
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Mapping	
  and	
  Pose	
  Es1ma1on:	
  
Overview	
  

Mo5on	
  Es5ma5on	
  
• 	
  Ackermann	
  Mo1on	
  
• 	
  Structureless	
  Loop-­‐Constraint	
  
• 	
  Known	
  Ver1cal	
  

Unsupervised	
  Learning	
  of	
  
Threshold	
  for	
  

Geometrical	
  Verifica5on	
  

Robust	
  Pose-­‐Graph	
  Loop-­‐
Closure	
  

Non-­‐Perspec5ve	
  Pose	
  
Es5ma5on	
  

(Localiza5on)	
  

Mul5-­‐Camera	
  Images	
  

Sparse	
  Map	
  

Mul5-­‐Camera	
  Pose	
  
w.r.t	
  Sparse	
  Map	
  

Mul5-­‐Camera	
  Images	
  

Robust	
  Pose-­‐Graph	
  Loop-­‐
Closure	
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Robust	
  Pose-­‐Graph	
  Loop-­‐Closure:	
  
Mo1va1on	
  

Robust	
  Pose-­‐Graph	
  Loop-­‐Closures	
  with	
  Expecta5on-­‐Maximiza5on	
  	
  
Gim	
  Hee	
  Lee,	
  Friedrich	
  Fraundorfer,	
  and	
  Marc	
  Pollefeys	
  	
  
IEEE/RSJ	
  Interna1onal	
  Conference	
  on	
  Intelligent	
  Robots	
  and	
  Systems	
  (IROS)	
  2013	
  	
  

•  Pose-­‐graph	
  op1miza1on	
  as	
  non-­‐linear	
  least-­‐
squares:	
   	
   	
  	
  

∑ ∑
−

ij
jiij

X ij
xxhz

2
),(argmin

Not	
  robust	
  to	
  outliers!	
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Robust	
  Pose-­‐Graph	
  Loop-­‐Closure:	
  
Mo1va1on	
  

Non-­‐Robust	
  

Robust	
  

1	
  Outlier	
   10	
  Outliers	
   100	
  Outliers	
  

City10000	
  Dataset	
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Model	
  Problem	
  as	
  Bayesian	
  Network	
  

Odometry	
  
constraints	
  

Poses	
  

Loop-­‐Closure	
  Constraints	
  

Weights	
  for	
  loop-­‐closure	
  	
  	
  	
  	
  	
  
	
  	
  	
  constraints,	
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Inference	
  

•  Find	
  poses	
  X	
  given	
  the	
  constraints	
  Z	
  
(maximum	
  a	
  posterior):	
  

•  Classifica1on	
  EM:	
  

Iterates	
  un1l	
  
convergence!	
  

∫=
WXX

dWZWXpZXp )|,(argmax)|(argmax

Con1nuous	
  non-­‐Gaussian	
  
latent	
  variable!	
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Inference:	
  Expecta1on	
  Step	
  

•  Differen1ates	
  and	
  set	
  to	
  0	
  gives	
  the	
  Cauchy	
  Fucn1on.	
  

Penalty	
  Term	
  

60	
  

Trivial	
  Solu1on	
  of	
  0	
  



Inference:	
  Expecta1on	
  Step	
  

0.25	
  

Huber	
  Func1on	
  Cauchy	
  Func1on	
  

Near	
  zero	
  weights	
  
for	
  high	
  errors!	
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Inference:	
  Maximiza1on	
  Step	
  

⇒

Odometry	
  cost	
   Loop-­‐closure	
  cost	
  

≡ Pose-­‐Graph	
  SLAM	
  problem!	
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Inference:	
  Maximiza1on	
  Step	
  

•  Solve	
  for	
  Xk+1	
  :	
  

•  where	
  	
  	
  	
  	
  	
  is	
  the	
  informa1on	
  matrix	
  formed	
  with:	
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Local	
  Minima	
  

•  Prevent	
  local	
  minima:	
  	
  
– Perform	
  the	
  EM	
  algorithm	
  mul1ple	
  1mes.	
  	
  
– Loop	
  constraints	
  with	
  very	
  low	
  weights	
  are	
  removed	
  
amer	
  each	
  EM	
  process.	
  

Amer	
  1st	
  EM	
  process	
   Correct	
  convergence	
  
amer	
  3rd	
  EM	
  process	
  

Manha_an3500Olson	
  Dataset	
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Results:	
  Simulated	
  Datasets	
  

	
  
	
  
•  Random,	
  Local,	
  Randomly	
  Grouped	
  and	
  Locally	
  Grouped	
  

constraints.	
  	
  
•  Run	
  10x	
  for	
  each	
  policy	
  with	
  1000	
  outliers.	
  
•  100%	
  success	
  rate,	
  maximum	
  rela1ve	
  pose	
  metric	
  error	
  is	
  

3.84	
  x	
  10-­‐5.	
  

Sphere2500	
  Dataset	
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Results:	
  Comparison	
  with	
  Switchable	
  Constraint	
  
ParkingGarage	
  Dataset	
  

1000	
  Random	
   1000	
  Local	
  
50	
  sets	
  of	
  20	
  	
  

Random	
  Grouped	
  
50	
  sets	
  of	
  20	
  	
  

Locally	
  Grouped	
  

(a)	
  –	
  (d)	
  :	
  Our	
  algorithm	
  
(e)	
  –	
  (h)	
  :	
  Switchable	
  Constraints	
  

Towards	
  a	
  robust	
  back-­‐end	
  for	
  pose-­‐graph	
  slam,	
  
N.	
  Suenderhauf	
  and	
  P.	
  Protzel,	
  	
  
Interna1onal	
  Conference	
  on	
  Robo1cs	
  and	
  Automa1on	
  (ICRA),	
  2012.	
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Results:	
  Comparison	
  with	
  Max-­‐Mixture	
  

Inference	
  on	
  networks	
  of	
  mixtures	
  for	
  robust	
  robot	
  mapping	
  
E.	
  Olson	
  and	
  P.	
  Agarwal,	
  	
  
Robo1cs	
  Science	
  and	
  Systems	
  (RSS),	
  2012.	
  

City10000	
  Dataset	
  

1000	
  Random	
   1000	
  Local	
   50	
  sets	
  of	
  20	
  	
  
Random	
  Grouped	
  

50	
  sets	
  of	
  20	
  	
  
Locally	
  Grouped	
  

(a)	
  –	
  (d)	
  :	
  Our	
  algorithm	
  
(e)	
  –	
  (h)	
  :	
  Max-­‐mixture	
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Results:	
  Real-­‐World	
  Datasets	
  
Parking	
  Garage	
  1	
  and	
  2	
  Datasets	
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Results:	
  Real-­‐World	
  Datasets	
  
Parking	
  Garage	
  1	
  Dataset	
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Results:	
  Real-­‐World	
  Datasets	
  
Parking	
  Garage	
  2	
  Dataset	
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Convergence	
  Time	
  

•  Implemented	
  with	
  Google	
  Ceres	
  on	
  an	
  Intel	
  
Core2	
  Quad	
  CPU	
  @	
  2.40GHz	
  x	
  4	
  computer.	
  

Google	
  Ceres	
  Solver	
  
Sameer	
  Agarwal	
  ,	
  Keir	
  Mierle	
  and	
  Others	
  
h_ps://code.google.com/p/ceres-­‐solver/	
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Overview	
  

Mo5on	
  Es5ma5on	
  
• 	
  Ackermann	
  Mo1on	
  
• 	
  Structureless	
  Loop-­‐Constraint	
  
• 	
  Known	
  Ver1cal	
  

Unsupervised	
  Learning	
  of	
  
Threshold	
  for	
  

Geometrical	
  Verifica5on	
  

Robust	
  Pose-­‐Graph	
  Loop-­‐
Closure	
  

Non-­‐Perspec5ve	
  Pose	
  
Es5ma5on	
  

(Localiza5on)	
  

Mul5-­‐Camera	
  Images	
  

Sparse	
  Map	
  

Mul5-­‐Camera	
  Pose	
  
w.r.t	
  Sparse	
  Map	
  

Mul5-­‐Camera	
  Images	
  



Non-­‐Perspec1ve	
  Pose	
  Es1ma1on:	
  
Problem	
  Defini1on	
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FW	
  
World	
  Frame	
  

X1	
  

X2	
  

X3	
  
Given:	
  	
  
1.  (X1,	
  X2,	
  X3)	
  in	
  FW.	
  
2.  2D	
  image	
  points	
  (x1,	
  x2,	
  x3).	
  
	
  
Find:	
  
(R,	
  t)	
  that	
  brings	
  FG	
  to	
  FW.	
  

C1	
  

C2	
  

C3	
  

Ci	
  

FG	
  

Mul5-­‐Camera	
  
Frame	
  (R,	
  t)	
  	
  



Non-­‐Perspec1ve	
  Pose	
  Es1ma1on:	
  
Two	
  Steps	
  Approach	
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Minimal	
  Solu5ons	
  for	
  Pose	
  Es5ma5on	
  of	
  a	
  Mul5-­‐Camera	
  System	
  	
  
Gim	
  Hee	
  Lee,	
  Bo	
  Li,	
  Marc	
  Pollefeys,	
  and	
  Friedrich	
  Fraundorfer	
  	
  
Interna1onal	
  Symposium	
  on	
  Robo1cs	
  Research	
  (ISRR)	
  2013	
  	
  

1.  Find	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  in	
  mul1-­‐camera	
  frame	
  FG.	
  

2.  Use	
  absolute	
  orienta1on	
  to	
  find	
  (R,	
  t)	
  given	
  	
  	
  

)X,X,(X G
3

G
2

G
1

)XX,XX,X(X G
33

G
22

G
11 ↔↔↔

( ) 2argmin tRXX G
ii

R,t
+−



G
1X

G
3X

Point	
  on	
  Plücker	
  line	
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C1	
  

C2	
  

C3	
  

Ci	
  

Mul5-­‐Camera	
  
Frame	
  

λ	
  

G
2X

qi  :	
  	
  first	
  3	
  elements	
  of	
  Plücker	
  line	
  
qi’ :	
  	
  last	
  3	
  elements	
  of	
  Plücker	
  line	
  
λ   : Depth	
  of	
  point	
  along	
  Plücker	
  line	
  

FG	
  



Preserva1on	
  of	
  Distances	
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FW	
  
World	
  Frame	
  

X1	
  

X2	
  

X3	
  

C1	
  

C2	
  

C3	
  

Ci	
  

Mul5-­‐Camera	
  
Frame	
  

FG	
  FW	
  
World	
  Frame	
  

d12	
  

d13	
  

d23	
  

dij	
  

G	
  

G	
  

G	
  

G	
  

G	
  

G	
  

FG	
  

dij	
  
G	
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System	
  of	
  Polynomials	
  

•  3	
  polynomial	
  equa1ons	
  with	
  3	
  unknowns:	
  

•  Solve	
  for	
  λ1,	
  λ2, λ3.	
  
•  8	
  degree	
  univariate	
  polynomal:	
  	
  
	
  



78	
  

Results:	
  Parking	
  Garage	
  1	
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Results:	
  Parking	
  Garage	
  2	
  



Conclusion	
  

•  Sparse	
  mapping:	
  
1.  Mo1on	
  es1ma1on	
  
2.  Geometric	
  verifica1on	
  
3.  Robust	
  loop-­‐closure	
  

•  Non-­‐perspec1ve	
  pose	
  es1ma1on.	
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Thank	
  You!	
  
Ques1ons?	
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