SMOS Neural Network Soil Moisture Data

Assimilation

N. Rodriguez-Fernandez', P. de Rosnay?, F. Aires 3,
C. Albergel¥, M. Drusch’, Y. Kerr!, C. Prigent3, S. Mecklenburg®,
J. Munoz Sabater?, P. Richaume?

(1) Centre d’Etudes Spatiales de la Biosphéere (CESBIO), Toulouse, France
(2) European Centre for Medium Range Weather Forescasts (ECMWF), Reading, UK
(3) Observatoire de Paris— LERMA, Paris, France
(4) Centre National de Recherches Météorologiques (CNRM), Toulouse, France
(5) European Space Agency, ESTEC, Noordwijk, Netherlands
(6) European Space Agency, ESRIN, Frascati, Italy

N. Rodriguez-Ferndndez. 2020 AMS Annual Meeting, 34th Conference on Hydrology



Soil Moisture and Ocean Salinity (SMOS)

- Passive radiometer at L-band (1.4 GHz, 21 cm)
Full polarimetric and multi incidence angle capabilities
(02-609)
- Aperture synthesis
- 69 antennas, 4 meters arms -> resolution of a ~ 7 m
antenna ~43 km (FWHM)
- Global coverage. Maximum revisit time of 3 days
(equator). Overpasses 6 AM/6PM (Ascending/descending).

L-Band thermal emission
- Negligible attenuation by atmosphere
- Sensitivity to changes of surface temperature and
roughness, soil moisture and ocean salinity
- Low attenuation due to vegetation
- Probes larger depth of the surface soil layer than
shorter wavelengths
- Absolute values of soil moisture

Brightness temperature (in Kelvin)
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Brightness temperature over Australia (lat=-29.5°1on=137.5°)
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Forward modeling / observation operator
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‘ [ Comparison and new modeling step if needed for SM ]

retrievals or bias-correction for assimilation

[ Modeled brightness temperature ]
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Retrievals

/
-SMOS L2 SM, Kerr et al. (2012, TGARS) |

-SMOS L3 SM, Al Bitaret al. (2017, ESSD)
- SMOS INRA-CESBIO Fernandez-Moran et al. (2017)

SMOS Tb monitoring and data assimilation
experiments

- Munoz Sabater et al. (2019, QJRMS)

- De Rosnay et al. (2020, RSE)
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Assimilation of SMOS TB (atmospheric impact)

R: SH -90° to -20°, 1000hPa
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Slight degradation of air humidity in NH with SMOS TB assimilation only: patterninthe Great Plains
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Towards a new generation of satellite surface

sroducts ? Soil moisture, skin temperature,...

Land surface models within NWP models show outstanding performances when comparing to in situ
measurements of SM
Albergeletal. (2012), Kerr etal. (RSE, 2016), Dorigo et al. (2013), Rodriguez-Fernandez etal. (2016)

Instead of computing the complex radiation transfer trough
the biosphere why not linking directly the best remote N
sensing observations to the best NWP models ? *

Prigent & Aires 2006, JGR; Prigent, Aires, et al. 2005, JGR

One interesting application will be efficient Data
Assimilation. The retrieved datasets are similarto the model ~— TTiae
fields, by construction, but they are driven by the remote sensing | «4- e

inputdata Aires, Prigent, Rossow 2005, JGR o o

Neural network SM can be produced in near-real-time and with associated errors Rodriguez-Fernandezetal. (2017,
HESS)
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Global retrieval of soil moisture using neural

networks

80

Neural networks can also be used to develop a new
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Statistical retrievals using Neural Networks

Input data: SMOS TBs,...

Test different
input data

Adapt NN
welghts

[ NN soil moisture ]

‘ [ Training: comparison and new modeling step if needed ]

4 Soil moisture reference (depends on the goal)
e Surface models (Rodriguez-Fernandez et al. 2015, TGARS) No global bias with
* Radiation transfer simulations (Rodriguez-Fernandez et al. IGARSS 2017a) respect tothe
* In situ measurements (Rodriguez-Fernandez et al. IGARSS 2017b) reference data

\° SMOS Level 2 SM (Rodriguez-Fernandez et al. 2017, HESS) Y,
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ocal linear
Estimators
H and V polar
30°-45°

Computing Local f
Linear estimators

H-TESSEL [W)———
SM fields .

Neural Network training
|_and application | i

SMOS Tbs
H and V polar
30°-45°

Table 2. Comparison of the IFS Land Data Assimilation System (LDAS) and the surface-only LDAS.

- 1

! /ﬁ—ﬂ SMOS N al‘ :

i | TemRHzm || SNG4 TFS-LDAS 50-LDAS

. g n _ 1 i Assimilation technique | SEKF SEKF

E S ¢ i Assimilation window | 12h 24 h

! {m—j_ . HTESSEL i Surface-atmosphere ully coupled uncoupled,

E _ forcing | Offine DA ! coupling surface forced by ERA-Interim

! E Observation input grid [~ ITOCPEITOEIT OT the oder prio

E Analysed ! Analysis RHom, Tom, SM, soil temperature, SM

' it : snow cover and snow temperature

: — E Observation input RHpp,, Tom, ASCAT SM, LST, RHyp, and Top, analysed with IFS-LDAS,
E 1 ] snow cover and snow temperature, | ASCAT SM, SMOS SM

! Evaluation E SMOS TBs (in development)

i Soll moisture ! Increment applied analysis time Initial time step and additional trajectory
! Surface-on |y DA i Background error 0.01 m®m 3 5% of water holding capacity
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Linear estimators

Neural Network training
and application
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NNSM DA: evaluation against in situ SM
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NNSM DA: evaluation of atmospheric forecasts using the

surface analysis
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A specific NRT SMOS SM for DA

* Polarizations: Hand V
* Incidence angles: three bins 30-35, 35-40, 40-45

- Brightness temperatures (BTs)  Designed at CESBIO/Obs. Paris
* Local linear estimators, index /12, computed from extreme BTs e Implemented and running at
ECMWF
e ESAfunded
— Tmin min max min
I, (1) = Ty @) Tb§¢ Ly (1) = sm’ + sMP _sm | x I, () e Operationally assimilated at
Lig 7 max min rp AP A o E H
b b CMWEF sinceJune 2019

* In contrast to ESA NRT SM product
* no soil temperature is used for the DA-specific NN
* the training is done using ECMWF SM (0-7 cm) from
AUXEC files, instead of Level 2 SM
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SMOS neural network: Implementation in the ECMWF

Integrated Forecasting System (IFS)

—

New SMOS-EC neural network
- Operational SMOS NN SM for

assimilation
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EDA SEKF and SMOS NN DA impact

» Enhanced coupling:
- Use the EDA to compute the SEKF Jacobian
- assimilate soil moisture from SMOS in coupled land-atmosphere forecasting system

» Improved efficiency:
- CPU reduction (factor 3.6) from EDA SEKF, cost neutral for SMOS

R R S S Atmospheric impact (T2m)
80°N — =S =
1-Jun-2017 to 31-Aug-2017 from 164 to 183 samples. Verified against own-analysis.
T Confidence range 95% with AR(2) inflation and Sidak correction for 8 independent tests
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de Rosnay et al, 2020, in prep
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The use of a neural network to link SMOS brightness temperatures to
ECMWEF SM field have given good results in and offline DA experiment

A near-real time SMOS SM processing chain specific for DA at ECMWEF has
been implemented in parallel to the ESA SMOS NRT product

This SMOS NRT is assimilated operationally by ECMWEF with promising
results

Think of this alternative approach foryour DA ... if you want to assimilate
SMOS data we can provide support
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Thanks for your attention
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 More information
@SMOS _satellite
< SMOS satellite
& 475 Tweets
ana )} Zimbra ™M Gmail Il Yahoo! ] Scholar W Tositter 6 iCloud (] Clendar /A SMOS biog () SpaceNews 1 Racio's Il ranc ner = o3
So|| Mo|sture SMOS satellite @SMOS_satellite - Oct 21, 2018 v
an Salini Replvina to @seaice de @ESA EO and @CopernicusEU

The future of L-band
radiometry: SMOS-HR

SMOS blog  Follw @sMoS_saeite

SMOS is on twitter!

it https://twitter.com/SMOS_satellite! Nemesio & Beatriz
° °
LEWIS on the move: Part 2 Latest Soil Moisture map from SWOS CATDS
Posted on 11-11-2014 | By: Yann KERR | ] nd
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