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Objective:
Efficientlyassimilate SMABbservations
Into the NASACatchmenimodel.

Issue:

Localizedbbservation rescaling removes
some independent information from
very skillful SMARetrievals.

Compare which rescalingnethod uses
iIndependent satellite information most
efficiently.

Fig 1. Effectof localized bias correction
(CDFmatching) on soil moisture retrieval.
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SMAP obs. Neural NN soil moisture Catchment target
+ ancillary datg Network estimate soil moisture

no i es
Update NN B Cn?isr:i:r?ig(e:g??n 4 Stop training

Fig 2. NNtraining procedure.

A Neural Networks (NNetrieve soil moisture imodel climatology
(mean, variance, higher moment¥olassaet al. 2017, in review)

A Globaldynamic range and bias fromodel (GEOS)
A Spatial and temporal patterns fronbservations (SMAP + ancillary data)

Can NN retrievals reduce the need for further b@®rection prior to assimilation and
thus avoid removing independerdatellite information?




Experiments
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OL Model-only simulation (no assimilation)

DANN: Assimilate NNetrievalswithout further bias correction

DANN-CDF AssimilateNN retrievals withocal bias correction

DAL2RgCDFE Assimilatel.2 passive retrievalh Qb S A £2015)%ith gldbél Biascorrection
DALA: Assimilatelocally rescaledrightness temperatures in SMAP L4_Slbstem

April 2015¢ March 2017

9 km EASE v2 grid
Contiguous United States
3-hourly analysis

[bhAssesskill improvement®f DA over Ot SMAP core validation sites
(Jackson et al2016;Colliander et al.2017)



DA-L2P-gCDF

Fig 3. Difference(lOL minus DANnsoilmoisture(top row) mean and (bottom row)
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standard deviation.

Global rescaling experiments introduce more of the SMAP retriaviarmation.
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|® DA-NN & DA-NN-CDF
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| Global bias correctlohas potentiafor greater skill improvements bu
& & @ ¥ Mmakesassimilation estimatemore vulnerable tdias in retrievals.
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Surface Soil Moisture
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