
Remote Sensing 
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Remote sensing is a quasi-linear estimation problem 

Equation of radiative transfer: 
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Radiation from Sky-Illuminated Reflective Surfaces 
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Temperature Weighting Function W(z,f,T) 
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Atmospheric Temperature T(z) Retrievals from Space 
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Atmospheric Temperature T(z) Retrievals from Space 
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Atmospheric Temperature T(z) Retrievals from Below 
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dz f, z   ~decay ng exponentia s, rate s fastest for 

Temperature profile retrievals in semi-transparent solids or liquids where 

constant: 



Atmospheric Composition Profiles 
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Because α(z) and W(z,f) are strong functions of the unknown 
ρ(z), this retrieval problem is quite non-linear and can be 
singular (e.g. if T(z) = constant). In this case, good statistics 
can be helpful. Incremental weighting functions defined relative 
to a nearly normal ρ(z) can help linearize the problem. 
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Optimum Linear Estimates (Linear Regression) 

=ˆParameter vector estimate 

“determination matrix” data vector 
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Optimum Linear Estimates (Linear Regression) 
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is Least-Square-Error Optimum if:D 
1) Jointly Gaussian process (physics + instrument): 
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Examples of Linear Regression 
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Regression Information 

G1 

but which is correlated with properties the instrument 
does see; i
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1) The instrument alone (via weighting functions) 

2) “Uncovered information (to which the instrument is blind, 

D retr eves this too.) 

3) “Hidden information (invisible in instrument and 



Nature of Instrument-Provided Information 

Assume linear physics: = 
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Proof for Continuous Variables 
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If T a W  and noise n 0, 

then T Dd T, perfect retr eva f W not s ngular 
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Proof for Continuous Variables 

G4 

1 

2 

)  = b (h) 

W (h)  = b (h) b (h) 

∆ 

∆ 

φ 

φ + φ 

j j 
0 

d = T( (
∞∆ 
∫ 

N 
j j

i 1  
= (h)
∆ 

= 
∑ 

( ) 
N tt t t 

j i i j
i 0  0 
N i N N 

i im m jn n i ji
i 1  m  1  n  1  i 10 

d ( ( d 

k b (h) b (h) ( ) = 

∞ 

= 

∞ ∆ 

= = = = 

= ⇒ = = 

⎛ ⎞ 
= φ φ⎜ ⎟ 

⎝ ⎠ 

∑ ∫ 

∑ ∑ ∑ ∑∫ 

1 
d i ix 

k̂ Q d k  i i− 

= 

= = 
Lec22.5-15 
3/27/01 

11  1  

21  1  22  2  

W (hThen:  h)W h)dh 

If we force T(h) k W 

Then:  k W h) W h)dh k W W k Q 

dh k Q 
⎞⎛  
⎟⎜  
⎠⎝  

Therefore Qk where Q s a known square matr

So let   where Q s non-s ngular 



Proof for Continuous Variables 
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So let   where Q s non-s ngular 
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To what is an instrument blind? 
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Statistical Methods Can Reveal “Hidden” Components 
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General Linear Estimate 
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General Linear Estimate 

H4 

As N increases, the fraction of the hidden space which is 
“uncovered” by statistics is therefore likely to increase, even 
as the hidden space shrinks. 

In general: 

a priori variance = observed + uncovered + variance lost 

AMSU and MSU are passive microwave spectrometers 
in earth orbit sounding atmospheric temperature profiles 
from above with ~10-km wide weighting functions 
peaking at altitudes from 3 to 26 km. Note the larger 
ratio of uncovered/lost power for AMSU. 

Example: 8 channels of AMSU versus 4 channels of MSU 
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Example: 8-Channel AMSU vs 4-Channel MSU 
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