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Evolu3on	  equa3on	  

Observa3on	  equa3on	  

•  State	  es3ma3on	  
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•  Evolu3on	  equa3on	  
– Models	  the	  system	  dynamics	  
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•  Evolu3on	  equa3on	  
– Models	  the	  system	  dynamics	  

Example:	  the	  mo3on	  of	  a	  robot	  
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•  Observa3on	  equa3on	  
– Models	  the	  measurements	  made	  
on	  or	  by	  the	  system	  
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Example:	  measuring	  distances	  to	  a	  beacon	  



•  Constata3on	  
–  Interval	  state	  es3ma3on	  methods	  are	  a	  lot	  more	  
pessimis3c	  than	  their	  probabilis3c	  counterparts	  
such	  as	  a	  Kalman	  filter	  
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•  Problem:	  how	  can	  we	  improve	  the	  precision	  of	  
the	  observa3on	  equa3on?	  
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We	  know	  y	  (ex:	  a	  distance	  measurement,	  a	  GPS	  posi3on…)	  
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We	  know	  y	  up	  to	  some	  noise	  (addi3ve,	  white,	  Gaussian)	  
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We	  know	  y	  up	  to	  some	  noise	  

We	  have	  a	  model	  for	  g	  (ex:	  a	  distance	  func3on)	  
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We	  know	  y	  up	  to	  some	  noise	  

We	  have	  a	  model	  for	  g	  

We	  want	  to	  find	  x	  
(ex:	  the	  posi3on	  of	  the	  robot)	  
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•  Example	  
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•  At	  𝑡=0,	  we	  make	  one	  measurement	  
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•  At	  𝑡=0,	  we	  make	  one	  measurement	  

A	  confidence	  domain	  
for	  𝑦	  is	  defined	  by	  :	  
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•  At	  𝑡=1,	  we	  make	  a	  second	  measurement	  
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•  At	  𝑡=1,	  we	  make	  a	  second	  measurement	  

𝑎(0.99,2)=3,04	  

0,99%	  confidence	  	  
domain	  
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•  As	  the	  dimension	  (number	  of	  measurements)	  
grows,	  so	  do	  the	  edges	  of	  the	  box	  
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•  We	  invert	  𝑦=𝑔(𝑥)	  with	  a	  99%	  confidence	  
using	  SIVIA	  
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With	  50	  measurements	  
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With	  100	  measurements	  
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•  The	  precision	  of	  the	  inversion	  does	  not	  grow	  
with	  the	  number	  of	  measurements	  
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•  The	  volume	  of	  the	  box-‐hull	  [𝒴]	  of	  𝒴	  grows	  as:	  

•  A	  box	  is	  a	  poor	  approxima3on	  of	  a	  disk	  
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The	  volume	  of	  
[𝒴]\𝒴	  
	  is	  not	  neglic3ble	  
in	  high	  dimension	  

𝒴	  

[𝒴]	  

J.	  Nicola	  and	  L.	  Jaulin,	  SWIM	  2015	  
{jeremy.nicola,luc.jaulin}@ensta-‐

bretagne.org	  
42	  



•  Context	  
•  Problem	  
•  Classical	  method	  
•  Proposed	  method	  
•  Improvements	  
•  Applica3on	  
•  Conclusion	  

J.	  Nicola	  and	  L.	  Jaulin,	  SWIM	  2015	  
{jeremy.nicola,luc.jaulin}@ensta-‐

bretagne.org	  
43	  



•  We	  add	  the	  constraint	  «	  y	  is	  in	  a	  sphere	  of	  
radius	  a	  »	  
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Inversion	  of	  the	  	  
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•  With	  the	  spherical	  constraint,	  we	  obtain	  a	  
greater	  precision	  
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•  With	  the	  spherical	  constraint,	  we	  obtain	  a	  
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•  Vn	  the	  volume	  of	  the	  sphere,	  Γ	  is	  the	  gamma	  
(Euler)	  func3on	  
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•  With	  the	  spherical	  constraint,	  we	  obtain	  a	  
greater	  precision	  

•  Vn	  the	  volume	  of	  the	  sphere,	  Γ	  is	  the	  gamma	  
(Euler)	  func3on	  

•  As	  the	  dimension	  of	  the	  sphere	  (number	  of	  
measurements)	  grows,	  its	  volume	  tends	  
towards	  zero	  
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The	  volume	  of	  
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	  is	  not	  neglic3ble	  
in	  high	  dimension	  
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In	  high	  dimension	  
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In	  high	  dimension	  

A	  box	  is	  «	  filled	  by	  	  
	  its	  corners	  »	  



•  By	  adding	  a	  big	  number	  of	  measurements,	  we	  
could	  inverse	  a	  virtually	  zero-‐volume	  set,	  i.e.	  
reach	  an	  infinite	  precision	  
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•  The	  natural	  inclusion	  func3ons	  of:	  

	  
are	  minimal	  
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•  The	  natural	  inclusion	  func3ons	  of:	  
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is	  not	  
Mul3ple	  occurences	  
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Same	  inversion	  with	  the	  centred-‐form	  
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•  A	  mobile	  robot	  moving	  in	  circles	  measures:	  
–  Its	  posi3on	  with	  a	  GPS	  with	  a	  high	  precision	  
–  Its	  distance	  to	  a	  beacon,	  subject	  to	  a	  white	  
normally	  distributed	  noise	  of	  variance	  1	  
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•  The	  posi3on	  of	  the	  beacon	  is	  ini3ally	  unknown	  
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Inversion	  of	  100	  distance	  measurements	  

Beacon	  

Non-‐linear	  Gaussian	  inversion	  

Classical	  inversion	  
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•  We	  took	  a	  probabilis3c	  property:	  
– The	  noise	  is	  normally	  distributed,	  addi3ve,	  white	  

•  We	  casted	  this	  property	  as	  a	  geometrical	  
constraint	  

•  We	  are	  able	  to	  reliably	  and	  precisely	  invert	  a	  
non-‐linear	  func3on	  in	  a	  least-‐square	  fashion,	  
but	  without	  linearizing	  
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