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Total	
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  Gaussian	
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  Fields	
  

Intui9ve	
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Significance	
  of	
  changes	
  in	
  cost	
  is	
  much	
  larger	
  in	
  “intui9ve	
  approach”,	
  perhaps	
  because	
  it	
  	
  
ignores	
  spa9al	
  dependencies	
  but	
  not	
  field	
  dependencies.	
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The	
  joint	
  probability	
  of	
  two	
  correlated	
  quan99es	
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  given	
  by:	
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Based	
  on	
  CAR	
  theory	
  Besag	
  (1974)	
  
And	
  Brook	
  (1964)	
  

cost = DTC−1D
cost = DTS−1 ⊗ α I + 1−α( )Q( )D
Di = Modeli −Obsi( )
Sij =

1
Nseg −1

Oi
T{ }k α I + 1−α( )Q( ) Oj{ }k

k=1

Nseg

∑
Oi = Obsi −Obsi( )
i = field "a"
j = field "b"
k = 2 year segment from 30 years of observations

Correct,	
  but	
  issues	
  exist	
  for	
  inver9ng	
  covariance	
  C.	
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QN×N =

M	
  fields	
  
N	
  grid	
  points	
  

cost = DTS−1⊗ α I + 1−α( )Q( )D
SM×M :observational covariance
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Gaussian	
  Markov	
  Random	
  Field	
  data	
  transform	
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does	
  well	
  at	
  
represen9ng	
  	
  
structures.	
  Large	
  
scale	
  differences	
  
are	
  not	
  as	
  
significant.	
  	
  

Interpreta:on	
  of	
  anomalies	
  in	
  temperature	
  component	
  Cost	
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  Markov	
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  Fields	
  

Intui9ve	
  Approach	
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  observed	
  covariances	
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ψ 3 ψ 4
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       precip  psl trefht  u!
precip  1.00 -0.22 -0.05  0.01!
psl    -0.22  1.00 -0.31 -0.11!
trefht -0.05 -0.31  1.00 -0.15!
u       0.01 -0.11 -0.15  1.00!

Sij =
1

Nseg −1
Oi

T{ }k α I + 1−α( )Q( ) O j{ }k
k=1

Nseg

∑
Oi = Obsi −Obsi( )
k = 2 year segment from 30 years of observations

       precip  psl trefht  u!
precip  1.00 -0.01 -0.09  0.01!
psl    -0.01  1.00 -0.52 -0.05!
trefht -0.09 -0.52  1.00 -0.02!
u       0.01 -0.05 -0.02  1.00!

Correla:on	
  Matrix	
  	
  
Observed JJA 30S to 30N!

α = 1

α = 0.003
Uses	
  Gaussian	
  Markov	
  Random	
  Fields	
  

Intui9ve	
  Approach	
  



Conclusions	
  

•  Presented	
  a	
  flexible	
  structure	
  for	
  combining	
  
fields	
  into	
  a	
  single	
  metric.	
  

•  Gaussian	
  Markov	
  Random	
  Fields	
  can	
  beder	
  
represent	
  spa9al	
  dependencies	
  within	
  a	
  single	
  
field.	
  	
  
– Reduces	
  significance	
  of	
  large	
  scale	
  differences.	
  
– Hammers	
  field	
  dependencies	
  (rela9ve	
  to	
  intui9ve	
  
approach)	
  …	
  correct?	
  desirable?	
  	
  

21	
  


