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Problem	  Statement	  

Problem:	  Characterize	  complex	  geometric	  features	  that	  are	  difficult	  to	  observe.	  

Use	  	  the	  set	  of	  probable	  images	  for	  screening	  purposes,	  risk	  analysis	  

Solu4on:	  Iden4fy	  	  a	  set	  of	  probable	  features	  selected	  from	  a	  large	  ensemble	  	  
of	  possible	  candidates	  :	  

FIGURES 27

Fig. 10. Upper leftmost panel: true image. Upper middle panel: current measurement 1. Upper rightmost panel: current
measurement 2. Above dashed line: 20 prior replicates with the highest posterior weights. Below dashed line: 20 prior replicates
with the smallest posterior weights.
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Fig. 3. (a) True image. (b) Current measurement. (c) Examples of conditional prior replicates Xi (12 replicates for each
conditioning fraction). The conditioning fractions are displayed in bold in the left panel. Each image in (a),(b) and (c) is 16x16
pixels.
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Fig. 7. Upper leftmost panel: true image. Upper rightmost panel: current measurement. Above dashed line: 20 prior replicates
with the highest posterior weights. Below dashed line: 20 prior replicates with the smallest posterior weights.



Bayesian	  Approach	  -‐-‐	  Importance	  Sampling	  

Bayesian	  es1ma1on	  theory	  provides	  a	  general	  framework	  for	  solving	  the	  
feature	  characteriza4on	  problem:	  

Non-‐parametric	  approach:	  	  
Use	  discrete	  prior	  and	  posterior	  probabili4es	  described	  by	  finite	  ensembles	  
of	  possible	  features.	  	  

•  Possible	  features:	  Prior	  probability	  conveys	  dis4nc4ve	  structure	  and	  
uncertainty	  	  

•  Likelihood	  func1on:	  Conveys	  effect	  of	  measurement	  errors	  
•  Probable	  features:	  Iden4fied	  by	  posterior	  probability	  derived	  from	  

prior	  and	  likelihood	  
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Quan4fy	  Images	  for	  Discrete	  Computa4on	  

-‐	  General	  
-‐	  Inefficient	  (high	  redundancy)	  
-‐	  High-‐dimensional	  

“Natural”	  descrip4on:	  	  
Vector	  of	  individual	  pixel	  values	  (e.g.	  0	  or	  1)	  

Alterna4ve	  descrip4on:	  	  	  
Vector	  of	  a	  few	  dis4nc4ve	  a@ributes	  (which	  ones?)	  

Our	  approach:	  	  
•  Start	  with	  pixel-‐based	  prior	  and	  measurement	  images/vectors	  
•  Transform	  all	  images	  into	  a@ribute	  vectors	  
•  Perform	  Bayesian	  computa4ons	  in	  a@ribute	  space	  
•  Assign	  updated	  probabili4es	  to	  pixel-‐based	  prior	  images	  



Types	  of	  Measurements	  Required	  	  

Historical	  measurements	  (archived):	  
•  High-‐quality	  measurements	  (ground	  truth)	  
May	  be	  expensive	  or	  only	  available	  at	  limited	  4mes/loca4ons.	  	  
Use	  some	  of	  these	  to	  construct	  prior	  replicate	  training	  image	  

•  Low-‐quality	  measurements	  
	  More	  readily	  available	  but	  are	  indirect,	  noisy,	  coarser	  resolu4on,	  etc.	  

Current	  measurements	  (real	  4me):	  
Observa4ons	  of	  	  image	  of	  current	  interest,	  possibly	  with	  different	  
instruments	  
Quality	  is	  similar	  to	  low	  quality	  measurements	  in	  historical	  archive	  

Errors	  in	  current	  measurements	  are	  revealed	  by	  comparisons	  between	  
high	  and	  low-‐quality	  historical	  observa4ons.	  



Generate	  Prior	  Ensemble	  of	  Images	  –	  Rainfall	  Example	  
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Fig. 3. (a) True image. (b) Current measurement. (c) Examples of conditional prior replicates Xi (12 replicates for each
conditioning fraction). The conditioning fractions are displayed in bold in the left panel. Each image in (a),(b) and (c) is 16x16
pixels.
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Compile	  Measurement	  Error	  Informa4on	  for	  Likelihood	  

Errors	  in	  current	  meas.	  are	  feature-‐dependent:	  	  
Iden4fy	  error	  proper4es	  by	  comparing	  high	  &	  low	  quality	  historical	  meas:	  

FIGURES 19
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Fig. 2. (a) Examples of NEXRAD-IV rainfall signatures used as ground-truth images in this study. Red indicates rain and
blue no rain. The dimension of each image is 16x16 pixels. (b) Examples of synthetic historical measurements generated using
conditional simulation in Section II-B1. Each synthetic measurement corresponds to the ground-truth image in (a). So for example
the image in upper left panel corresponds to the image in upper left panel in (a)
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Fig. 2. (a) Examples of NEXRAD-IV rainfall signatures used as ground-truth images in this study. Red indicates rain and
blue no rain. The dimension of each image is 16x16 pixels. (b) Examples of synthetic historical measurements generated using
conditional simulation in Section II-B1. Each synthetic measurement corresponds to the ground-truth image in (a). So for example
the image in upper left panel corresponds to the image in upper left panel in (a)
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Data-‐driven	  Method	  for	  Defining	  Aeributes	  

•  Compute	  “distances”	  between	  all	  	  pairs	  of	  points	  in	  pixel	  space.	  
•  Randomly	  distribute	  points	  in	  a@ribute	  space	  (one	  for	  each	  image)	  
•  Compute	  “distances”	  between	  all	  pairs	  of	  points	  in	  aeribute	  space.	  
•  Itera4vely	  adjust	  aeribute	  point	  loca4ons	  so	  pair	  distances	  in	  aeribute	  

space	  match	  pair	  distances	  in	  pixel	  space	  (as	  much	  as	  possible)	  	  

Mul1-‐dimensional	  scaling:	  Defines	  mapping	  from	  pixel	  to	  aeribute	  values	  

Pixel	  space	  

Xdist(a,b)	  
a

b

Ydist(a,b)	  	  
a

b
Aeribute	  space	  

Mapping	  

x1	  
x2	   y1	  

x3	  
y2	  

5	  Images	  ploeed	  as	  points	  in	  each	  space	  



Select	  Image	  Similarity	  Measures	  –	  “Distances”	  

How	  do	  we	  measure	  “distance”	  between	  2	  images	  ?	  

Pixel	  space:	  Use	  “Simple	  Matching	  Coefficient”	  (SMC):	  
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Range:	  	  0	  -‐	  1	  

Aeribute	  space:	  YDist	  is	  Euclidean	  distance	  between	  aeribute	  vectors	  

b	  is	  “closer”	  to	  a	  



Map	  All	  	  Images	  to	  Aeribute	  Space	  

Use	  distance-‐preserving	  (MDS)	  technique	  to	  map	  16	  X	  16	  (256)	  pixel	  images	  to	  
2	  aeributes	  

Images	  mapped	  
simultaneously:	  
LQ	  Current	  
Prior	  
HQ	  Historic	  	  
LQ	  	  Historic	  
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Quality	  of	  Mapping	  from	  Pixels	  to	  Aeributes	  

An	  ideal	  pixel	  to	  aeribute	  mapping	  would	  give	  a	  narrow	  one-‐to-‐one	  curve:	  	  

Mapping	  error	  	  
(Informa4on	  loss)	  

Pairs	  
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Construct	  Likelihood	  Func4on	  in	  Aeribute	  Space	  

Assume	  errors	  in	  meas.	  aeributes	  are	  addi4ve.	  
Fit	  a	  con4nuous	  bivariate	  distribu4on	  (grey	  scale	  
Evaluate	  likelihood	  at	  current	  meas	  –each	  	  prior	  replicate	  

Historical	  meas	  errors	  
(low	  –	  high	  quality)	  

Current	  meas	  -‐	  prior	  



Condi4oning	  Results:	  1	  Current	  Measurement	  

500	  diverse	  images	  in	  prior	  ensemble	  ….	  

10	  most	  probable	  prior	  images	  
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Fig. 7. Upper leftmost panel: true image. Upper rightmost panel: current measurement. Above dashed line: 20 prior replicates
with the highest posterior weights. Below dashed line: 20 prior replicates with the smallest posterior weights.

10	  least	  probable	  prior	  images	  
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Fig. 7. Upper leftmost panel: true image. Upper rightmost panel: current measurement. Above dashed line: 20 prior replicates
with the highest posterior weights. Below dashed line: 20 prior replicates with the smallest posterior weights.

True	  

FIGURES 24

B

W

O

R

S

T

B

E

S

T

Fig. 7. Upper leftmost panel: true image. Upper rightmost panel: current measurement. Above dashed line: 20 prior replicates
with the highest posterior weights. Below dashed line: 20 prior replicates with the smallest posterior weights.
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Fig. 7. Upper leftmost panel: true image. Upper rightmost panel: current measurement. Above dashed line: 20 prior replicates
with the highest posterior weights. Below dashed line: 20 prior replicates with the smallest posterior weights.



Condi4oning	  Results:	  2	  Current	  Measurements	  (Data	  Fusion)	  

500	  diverse	  images	  in	  prior	  ensemble	  ….	  

10	  most	  probable	  prior	  images	  

10	  least	  probable	  prior	  images	  
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Fig. 7. Upper leftmost panel: true image. Upper rightmost panel: current measurement. Above dashed line: 20 prior replicates
with the highest posterior weights. Below dashed line: 20 prior replicates with the smallest posterior weights.
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Fig. 7. Upper leftmost panel: true image. Upper rightmost panel: current measurement. Above dashed line: 20 prior replicates
with the highest posterior weights. Below dashed line: 20 prior replicates with the smallest posterior weights.
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FIGURES 27

Fig. 10. Upper leftmost panel: true image. Upper middle panel: current measurement 1. Upper rightmost panel: current
measurement 2. Above dashed line: 20 prior replicates with the highest posterior weights. Below dashed line: 20 prior replicates
with the smallest posterior weights.
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Fig. 10. Upper leftmost panel: true image. Upper middle panel: current measurement 1. Upper rightmost panel: current
measurement 2. Above dashed line: 20 prior replicates with the highest posterior weights. Below dashed line: 20 prior replicates
with the smallest posterior weights.
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Fig. 10. Upper leftmost panel: true image. Upper middle panel: current measurement 1. Upper rightmost panel: current
measurement 2. Above dashed line: 20 prior replicates with the highest posterior weights. Below dashed line: 20 prior replicates
with the smallest posterior weights.



Some	  Issues	  for	  Further	  Considera4on	  

•  How	  many	  aeributes?	  	  	  	  	  
	  Tradeoffs	  between	  number	  of	  aeributes	  vs.	  ensemble	  size	  vs.	  
	  computa4onal	  effort	  ?	  

•  Improve	  replicate	  genera4on	  –	  account	  for	  dynamics	  &	  temporal	  
correla4on	  (i.e.	  prior	  comes	  from	  a	  forecast)	  

•  Test	  measurement	  error	  analysis	  and	  likelihood	  genera4on	  with	  real	  
low	  quality	  historical	  meas.	  

•  Try	  other	  distance	  metrics	  for	  both	  pixel	  and	  aeribute	  spaces	  

•  Test	  approach	  with	  Markov	  Chain	  Monte	  Carlo	  (MCMC)	  version	  of	  
Bayesian	  condi4oning	  

•  Go	  beyond	  binary	  images	  –	  include	  intensity	  varia4ons	  within	  features.	  
Consider	  implica4ons	  for	  measurement	  error	  characteriza4on.	  	  	  	  	  

•  Measurement	  error	  addi4vity	  in	  aeribute	  space?	  





Feature	  Characteriza4on	  

Common	  aspects	  over	  many	  applica4ons:	  

•  Features	  are	  heterogeneous,	  localized,	  oPen	  disconnected,	  with	  
complex	  but	  dis1nc1ve	  structure.	  

•  Features	  are	  uncertain	  
•  Higher-‐quality	  (ground	  truth)	  observa4ons	  are	  only	  available	  at	  

limited	  1mes/loca1ons	  (or	  may	  be	  more	  expensive)	  
•  Lower-‐quality	  measurements	  are	  more	  readily	  available	  but	  are	  

indirect,	  noisy,	  coarser	  resolu1on,	  etc.	  
•  Measurement	  errors	  are	  revealed	  by	  comparisons	  between	  high	  and	  

low-‐quality	  observa4ons,	  when	  and	  where	  both	  are	  available.	  



Visual	  Representa4on	  of	  Alterna4ve	  Image	  Spaces	  

4	  images	  in	  pixel	  space	  -‐	  	  
3	  pixel	  values	  (x1	  ,	  x2	  ,	  x3	  )	  

Same	  4	  images	  in	  aeribute	  
space	  	  (y1,	  y2)	  

In	  both	  spaces,	  define	  similarity	  (“distance”)	  between	  any	  2	  images	  
(e.g.	  a	  and	  b)	  



Efficient	  Bayesian	  Characteriza4on	  

A	  hybrid	  approach	  :	  

In	  the	  high-‐dimensional	  pixel-‐space:	  
•  Generate	  an	  ensemble	  of	  equally	  likely	  prior	  images	  
•  Compile	  sets	  of	  high	  and	  low-‐quality	  historical	  measurements	  that	  characterize	  

measurement	  error.	  
•  Obtain	  a	  low-‐quality	  current	  measurement	  of	  the	  image	  of	  interest	  
	  
Associate	  each	  prior	  replicate	  or	  measurement	  in	  the	  pixel	  space	  with	  a	  
corresponding	  point	  in	  the	  aeribute	  space.	  
	  
In	  the	  low-‐dimensional	  a@ribute	  space:	  
•  Construct	  a	  likelihood	  func1on	  from	  the	  historical	  measurement	  aeributes	  
•  Evaluate	  the	  likelihood	  of	  each	  prior	  replicate,	  given	  the	  current	  measurement	  

(using	  aeribute	  values)	  
•  Use	  Bayes	  Theorem	  to	  assign	  updated	  posterior	  probabili1es	  to	  all	  the	  prior	  

replicates	  

The	  updated	  probabili4es	  iden4fy	  the	  “most	  likely”	  prior	  replicates	  in	  either	  space.	  



Generate	  Realis4c	  Prior	  Replicates	  

Prior	  replicates	  should	  be:	  
•  Realis1c	  (i.e.	  they	  should	  “look	  like”	  true	  features,	  	  as	  revealed	  by	  scaeered	  

high-‐quality	  measurements)	  
•  Localized	  in	  space	  (non-‐sta4onary).	  
•  Sufficiently	  variable	  to	  adequately	  reflect	  uncertainty	  about	  image	  of	  interest.	  

Genera4ng	  prior	  replicates:	  
•  Derive	  sta1onary	  uncondi1onal	  replicates	  from	  training	  image(s)	  obtained	  

from	  high	  quality	  historical	  observa4ons	  (use	  mul4-‐point	  geosta4s4cs).	  
•  Condi4on	  these	  replicates	  on	  scaeered	  low	  quality	  current	  measurement	  

values	  –	  the	  number	  of	  condi4oning	  values	  should	  be	  varied.	  	  
	   	  	  

This	  yields	  a	  set	  of	  nonsta1onary	  condi1onal	  replicates.	  
•  Construct	  the	  prior	  ensemble	  from	  the	  condi4onal	  replicates	  



Likelihood	  values	  are	  used	  to	  determine	  importance	  
sampling	  weights.	  
Most	  likely	  samples	  are	  those	  closest	  to	  the	  
likelihood	  func4on	  peak.	  

Likelihood	  Func4on	  –	  Condi4oning	  


