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LSTM and OE - a brief overview 2

The Optimal Estimation (OE) method was chosen as
part of a round robin study comparing algorithms

Preparation and algorithm selection for the future high
resolution ESA satellite mission of Land Surface
Temperature Monitoring - Agnieszka Soszynska —
A.02.01 PART 3

* OE can simultaneously retrieve LST, LSE and TCWV

* OE has “built in” uncertainty estimation that combines
individual uncertainty and covariance terms.

e Optimal Estimation (OE) has heritage in SST and other
Earth Observation retrieval cases (e.g. Merchant et al.
2008, Mason et al. 2023)
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The OE algorithm
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The State Vector
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Xq = |LST, LSETIR1, LSETIR2, LSETIR3, LSETIR4, LSETIRS, TCWV ]
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The Observation
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The Retrieval Step A&

RTTOV* is a fast radiative transfer
model. It treats spectral windows as
Independent channels.

Through the parameterisation of the
various transmittances the
computational speed of the model is
iIncreased significantly compared to
the line-by-line methodology
(Matricardi, 2009).

RTTOV calculates the Jacobians of
the input profile variables, reducing
the number of times it needs to be
called per iteration.
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Grosseto campaign data 8

* The OE algorithm is applied on -
campaign data collected near 320

Grosseto.

315

* BTs and Reflectances are simulated
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using RTTOV. For simplicity one 2y L N
I TUIID
atmosphere is used for the whole L
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Grosseto campaign results 9
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Grosseto campaign results :
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Conclusions :

* The L2 algorithm for the LST product is based on
OE theory.

* The state (retrieved) vector contains LST, LSE and
TCWV

* The observation vector contains the ToA Brightness
Temperatures

* The forward modelled BTs are simulated using
RTTOV

* In a simulated scene based on campaign data
the algorithm shows distinct improvements
from initial guesses.
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