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NUMERICAL INVERSION 

Stat.  optimized  fitting   of  f* by  
f(ap) under a priori constraints 

FORWARD MODEL 

Simulates  observations f(ap) for 
a given set of parameters ap   

Retrieved parameters: 

ap –describes optical properties 
of aerosol and surface  

Observation definition: 

Viewing geometry,  spectral 
characteristics; coordinates, etc. 

Input : 

Observations f* 

 

Inversion settings: 

    - description of error Δf*; 
    - a priori constraints 

f* 

ap f(ap)  

ap - final 

General structure of  the algorithm 

 INDEPENDENT 
MODULES !!! 

GRASP 



Inverse Problem:  
Retrieval of particle size     

 distribution  from light  

 scattering 

I0() 

Pij() 

Itrans() 

? 

Fa = f * measurements ? 
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Which approach to use? 

- MML 

- LSM 

- « Optimal estimations », C. Rodgers 

- Kalman filter 

- Tikhonov Regularization 

- Phillips-Tikhonov-Twomey 

- Twomey-Chahine 

- Chahine 

- Steepest Desent Method 

Assimilation, 4DVR 

SVD, gradient methods, etc. 
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- « Optimal estimations », C. Rodgers 

Remote sensing  

Measurements 

assimilation, etc. 



Base idea of inversion 
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Base idea of constrained  

inversion 

det FTF( ) ®0 FTF( )
-1

- ???

 

What to do? 



Base idea of constrained  

inversion 

det FTF( ) ®0 FTF( )
-1
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 great for inversion !!! 



Base idea of constrained  

inversion 

det FTF( ) ®0 FTF( )
-1

- ???

FTF( )   ®  FTF + I( )

but det FTF + I( )  > 0 FTF + I( )  ¹   FTF( )

??? 



Base idea of constrained  

inversion 
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Base idea of constrained  

inversion 
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Which approach to use? 

- « Optimal estimations », C. Rodgers 

- Kalman filter 

- Tikhonov Regularization 

- Phillips-Tikhonov-Twomey 

⌢
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FTC-1D lnf p - Levenberg - Marquardt 
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Which approach to use? 

- MML 

- LSM 

- « Optimal estimations », C. Rodgers 

- Kalman filter 

- Tikhonov Regularization 

- Phillips-Tikhonov-Twomey 

- Twomey-Chahine 

- Chanine 

- Steepest Desent Method 
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Gaussian noise assumption: 
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Maximum Likelihood Principle: 

Least Squares Principle 

LSM gives optimum solution: 
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-Smallest !!! LSM - Optimality 

noise system is redundant 

 

noise can be accounted 



  2.  Optimality of LSM:  

 

 

 1.  if P (...) Gaussian, MML = MLS 

Statistical Optimization 

ÑY a( ) =
¶Y a( )

¶a
i

= 0,    (i = 1,..,N
a
)

Y a( ) =
1

2
(f a( ) - f*)T C-1(f a( ) - f*) = min

 f – Normal => a - Normal 

<(Δg)2> = < g TΔã(g TΔã)T> = 

  

= g TΔã(Δã)Tg = g TΔã g ≥ g TΔLSM g  

- Cramer-Rao inequality 

g - a characteristic linearly dependent on a (i.e. g = 

g Ta, g is a vector of coefficients)  



2.  Shannon Information: 

Fisher Information: 

Information Quantity:   
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Information Quantity: 


