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Local linear approximation to multiscale function
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Solution to optimal linearisation problem, ‘Opt-M’
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Properties of ‘Opt-M’
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Application to cloud function

T

Seek a rational basis on which to 'regularise' in 4D-Var the Smith cloud scheme of 1990,

where cloud fraction  is expressed as a function of  

( , )
=

(1 ) ( , )

Cloud fraction and its de

sat L
N

c sat L

C

q q T p
Q

RH q T p

−

−

N

21
2

21
2

rivative w.r.t. Q  are

0 1 0 1

(1 ) 1 0 (1 ) 1 0
'

1 (1 ) 0 1 (1 ) 0 1

1 1 0 1

How should  one regularise this function? 

Met Office ha

N N

N N N N

N N N N

N N

for Q for Q

Q for Q Q for Q
C C

Q for Q Q for Q

for Q for Q

≤ − ≤ − 
 + − ≤ ≤ + − ≤ ≤ 

= = 
− − ≤ ≤ − ≤ ≤ 

 ≤ ≤ 

21
N2

d used regularisation [1 tanh(2 )]  with derivativeC'=sech (2Q )NC Q= +



© Crown copyright 2010 Page 6Page 6

Smith Cloud Scheme with Standard Regularisation

21
2

21
2

0 1

(1 ) 1 0

1 (1 ) 0 1

1 1

N

N N

N N

N

for Q

Q for Q
C

Q for Q

for Q

≤ −
 + − ≤ ≤

= 
− − ≤ ≤

 ≤

0 1

(1 ) 1 0
'

(1 ) 0 1

0 1

N

N N

N N

N

for Q

Q for Q
C

Q for Q

for Q

≤ −
 + − ≤ ≤

= 
− ≤ ≤

 ≤
1
2

Standard regularisation [1 tanh(2 )]NC Q= +
2' sech (2 )NC Q=



© Crown copyright 2010 Page 7Page 7

Smith Cloud Scheme with Optimal Regularisation
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Actual Distribution and Application using Real Data
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Results with Real Data
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Suboptimality of TL Models

Recall that J (with A=I) is simply the mean square error in the approximation 
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Hence have direct means of assessing how  suboptimal different

regularisations (including TL) are
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Remarks on  “Opt-M”
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Data Assimilation - Formulation 
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Best estimate of state of atmosphere
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Data assimilation as large 
optimization problem
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4D-Var

Figure courtesy ECMWF
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Incremental Method
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Incremental Method
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Incremental Method

Figure courtesy ECMWF
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How to choose linear model in 4D-Var?
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Opt-A: Optimising linear model for analysis
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Opt-A: Optimising linear model for analysis
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Solution to Opt-A
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Opt-A’: optimising linear model for conditional 
mean
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Solution to Opt-A’
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Strategies for incremental 4D-Var
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Relation between Opt-M and Opt-A
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TL, Opt-M and Opt-A compared
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Opt-M as high-order approximation to Opt-A
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TL versus Opt-M applied to modified logistic map
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TL versus Opt-M with many outer loops
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Summary


