Technical Challenges of Assimilating
Observations with Large
Spatiotemporal Resolutions
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Why Assimilating GRACE (GRACE-FO)?
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GRACE AND GRACE-FO Great for global mass balance studies
Observations of Greenland Ice Mass Changes | Scale in the Sky, Oseeo beyond the surfac
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Why Assimilating GRACE (GRACE-FO)?

Great for global mass balance studies
I Scale in the sky, OseeO beyond the surfac

Challenges:
I Column integrated

I Coarse horizontal res. [300-400 km]
I Coarse temporal res. [monthly]

| Strong spatial error correlations

>> Challenges for land  -hydrology
applications

DLR ObservesTerrestrial Water Storage (TWS) = sum of groundwater, soil
moisture profile, snow, surface water, veg. storage
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Data Assimilation Approach

e - : :
Goal of the DA: ODownscaleO GRACE (Horizontal, Temporal, V_ertlt_:al)
I Scales that are more useful for hydrological applications

I Catchment Land Surface Model (CLSM) Modeled &= f (1], 2], [3],
I OHighO spatial and temporal resolutions (predicted) TWS [4 -6], [7])
- 36 km (vs. 300-400 km)
- Hourly/daily (vs. monthly) 4
I MERRA (&MERRA-2) forcings Z Observed DA 111, [21, [3],
(GRACE) TWS ~ mmmm) [4 -6], [7]
Terrestrial Water Storage: .
I Soil Moisture Profile: £ (Coarse SC&I|€S) (mOdel’ fine SC&I|€S)
[1] catdef (i.e., groundwater )
[2] rzexc 1
[3] srfexc v
E4_6(]3tshneorv‘v"’f“7t]e£ :rtl‘;?ges; i Take advantage of the model
4  Note: missing | Koster et al., (2000) structures to downscale

lakes and river storages GRACE observations
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Data Assimilation Approach

[1] Conduct 1 month forecast
ensemble integration without
assimilation

[2] Calculate model terrestrial
water storage (TWS) observation
prediction (space and temporal
aggregation)

[3] Calculate the increments via
ensemble Kalman filter analysis

[4] Apply increments
repeat from [1] for the next
month.

How to compute
analysis foram onthly-
averaged observations?

Girotto et al., (2016) WRR
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D/a.ta_Assimj\Iation Approach

Computed
Incremenis

Applied
Incremenis




Data Assimilation Approach

Run 1

Run 2 ,. | Proceed to
1 month | next month




Results: Spatial & Vertical downscaling

[~300 km]

GRACE TWS observations [mm ] ‘[mm] | Horizontally

1_5! downscaled TWS

|
o
o

srfexc

0

0.5 Increments:
- srfexc = 0.63 mm
-rzexc = 0.54 mm
[mm] - catdef=15.30 mm

”’J I Typical monthly

. : H—ISO DATA
Obsb Forecasts TWS [z- M(X)] [mm] ASSIMILATION
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*Scaling the observations prior to DA: Unbiased
observations to match model climatology (long-
term mean and standard deviation)

rzexc

! I Largest impact in (catdef)
1"" groundwater

-150 (due to residence time?)

catdef

15
Girotto et al., (2016) Water
Resources Research
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Results: Evaluation

I R [DA B model-only, correlation skills]. Blue = DA improves estimates
'$()*+(*,#-./012-30
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¥ o2 I Improves groundwater (GW) estimates

I SCAN .

| USCRN I Mixed results for root -zone (rzmc) and surface

G caval (sfmc) soil moisture

g .

i 0.0 >

ok

! How can we improve the whole profile soll
0.1 moisture?
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*Not independent Girotto et al., (2019)
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Soil Moisture Data Assimilation
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SMOS + GRACE DA

Updates catdef (i.e.,
groundwater)

Corrections spatial
scale ~300 km

Updates surface and rootzone soll
moisture states (srfexc, rzexc)
Corrections spatial scale ~36 km

Girotto et al., (2019)
Remote Sensing of the
Environment



SMOS + GRACE DA

Girotto etal., (2019) I SMOS > Reduces the uncertainty oftop (surface) water storages
Remote Sen§|ng of the
Environment I GRACE > Reduces the uncertainty ofbottom water storages

I SMOS+GRACE > keeps the uncertainty reduction on both



SMOS + GRACE DA
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SMOS + GRACE DA

Catdef increments [ mm ]
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GRACE DA only
increments in catdef (i.e.,
groundwater)

GRACE DA calculates year
round increments

SMOS DA increments only
for warm months (i.e., no
frozen soil)

srfexc & rzexcincrements
agree in terms of directions
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How to Assimilate Obs. w/ Differt Spatiotemporal Res.?

3411%.)*5+6+*6()$%%,)$*!,&&,".& I One obs. complements another
(e.g., SMAP & GRACEFO)

I The number of earth satellite
observations is increasing but these
observations are not yet fully exploited
iIn a comprehensive manner for Global
Environmental Science
Applications

Obj.: Merge all of these obs. together?

But they have a variety of spectral, spatial,
temporal resolutions: how to best merge
them all together in a comprehensive

manner? Ideas?




Conclusions/Challenges

I Dealing with large spatiotemporal observation can be cha llenging!!

| GRACE DA act as a ODownscalingO Method
- Vertical: [from TWS to the various water storage compartments]
- Horizontal: [from 300-400 km to 36 km increments]
- Temporal: [from monthly to daily]
| Bringing together multiple observations leads to the best resul ts
- GRACE affects deepest moisture storages
- SMOS affects shallower moisture storages
I However, there is an anti -correlation between the two increment types

> How do we best leverage the complementary information in
observations with different spatial and temporal resolutions?



