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ABSTRACT

Soil moisture (SM) observations from the Advanced Scatterometer (ASCAT) satellite
radar (5.3 GHz) and brightness temperature (Tb) observations from the Soil Moisture Active
Passive (SMAP) satellite radiometer (1.4 GHz) are assimilated in the NASA Goddard Earth
Observing System (GEOS) land data assimilation system, both separately and together
(jointly) from April 2015 to March 2021. The resulting SM estimates are validated using in-
situ measurements, independent satellite observations, and data assimilation diagnostics.
Assimilating only ASCAT SM (ASC_DA) universally improves the SM analysis estimates
relative to a model-only control simulation (CNTL). For example, the anomaly time series
correlation coefficient (anomR) vs. in-situ surface SM increases from 0.55 for CNTL to 0.58
for ASC_DA, and the misfit between SMAP Tb observations (not assimilated) and
corresponding (3-hour) background forecasts decreases by 4.9%. Assimilating only SMAP
Tb (SMP_DA) yields greater improvements in SM analysis estimates than does ASC_DA.
For example, anomR vs. in-situ surface SM increases to 0.68, although the misfit between
ASCAT SM observations (not assimilated) and corresponding (3-hour) background forecasts
decreases by only 1.5%. Jointly assimilating multi-sensor (ASCAT and SMAP) observations
(MLT _DA) yields overall SM estimation skill similar to that of SMP_DA. Data assimilation
diagnostics suggest that MLT DA background forecasts are generally improved vs. those of
CNTL, but by less than seen in SMP_ DA, implying that information from the ASCAT and
SMAP observations does not always agree. However, since ASC_DA clearly improves SM
estimates, multi-sensor assimilation is nevertheless beneficial by increasing system

robustness and extending the period when SM observations are available for assimilation.

SIGNIFICANCE STATEMENT

Knowledge of soil moisture—past, present, and future—is crucial for various scientific
research areas and practical applications, such as land-atmosphere interactions, drought
monitoring, streamflow forecasting, plant productivity, and numerical weather prediction.
The best soil moisture estimates are likely obtained by merging data from multiple satellite
sensors into numerical land surface models, especially when these sensors provide
measurements from different times and locations and use complementary remote sensing
techniques. Multiple validation approaches revealed that integrating ASCAT soil wetness

observations enhances soil moisture estimates beyond model-only simulations, and using
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SMAP brightness temperature further improves these estimates. However, combining both
ASCAT and SMAP observations does not yield better results than using SMAP alone.
Nevertheless, since using ASCAT clearly improves soil moisture estimates, an approach that
uses both types of observations is beneficial, as it increases system robustness and extends

the period over which observations are available to improve model estimates.

1. Introduction

Soil moisture is an essential climate variable (Bojinski et al., 2014; Seneviratne et al.,
2010). It links the global water, energy and carbon cycles and influences many land surface
processes such as runoff and infiltration, the energy partitioning between the latent and
sensible heat fluxes, and the transpiration and photosynthesis of plants. Knowledge of past,
current, and future soil moisture conditions informs numerous topics of scientific research
and applications, including land-atmosphere interactions, drought monitoring, streamflow,
biogeochemistry, and numerical weather prediction (Balsamo et al., 2018; Carrera et al.,
2019; Crow et al., 2022; De Lannoy et al., 2022; Dong et al., 2022; Guo et al., 2012;
Humphrey et al., 2021; Koster et al., 2004, 2016; Reichle et al., 2023b; Santanello et al.,
2018; Zhou et al., 2021).

Soil moisture conditions can be inferred from in-situ measurements, remote sensing
observations from spaceborne radars and radiometers, or land surface models. In-situ
measurements are the most accurate (Kumar et al., 2018) but have very limited spatial
coverage. Satellite soil moisture observations provide near-global coverage, but with
incomplete temporal coverage due to long revisit times. Satellite observations are also limited
to directly sensing only shallow, near-surface soil conditions and rely on complex retrieval
algorithms that can result in potentially large uncertainties (Gruber et al., 2020). Land model
estimates of soil moisture are spatially and temporally complete but can contain large
uncertainties stemming from errors in land model parameterizations or meteorological
forcing inputs. Land data assimilation systems can be used to combine the valuable
information from remote sensing observations when and where they are available with the
process knowledge encoded in land models. The analysis produced by the assimilation thus
encapsulates the combined information from the model and the observations and has

complete temporal and spatial coverage, including soil moisture estimates through the full
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depth of the soil profile (Reichle, 2008). The best estimates of soil moisture will likely be
achieved if observations from multiple satellite sensors are assimilated together (jointly),
especially if they have different spatial and temporal support and are based on
complementary measurement principles (Draper et al., 2012; Lievens et al., 2017; Seo et al.,

2021).

Several satellite sensors have been used to retrieve surface soil moisture estimates based
on measuring soil dielectric properties. These include the Advanced Microwave Scanning
Radiometer for the Earth Observing System (AMSR-E) and its successor, AMSR2, with
channels operating at 6.9 GHz and 10.7 GHz (Njoku et al., 2003; Owe et al., 2008; Parinussa
et al., 2015) and the radiometer onboard the Tropical Rainfall Measuring Mission (TRMM;
Gao et al., 2006) operating at 10.65 GHz. The Advanced Scatterometer (ASCAT; Bartalis et
al., 2007; Wagner et al., 2013) measures radar backscatter at 5.3 GHz. These sensors,
however, were not primarily designed for observing soil moisture, and their microwave
frequencies have a limited soil sensing depth of approximately 1-2 cm. The Soil Moisture and
Ocean Salinity (SMOS; Kerr et al., 2010) mission and the Soil Moisture Active Passive
(SMAP; Entekhabi et al., 2010a) mission were specifically designed to measure soil
moisture; they operate at L-band (1.4 GHz) and have a somewhat greater soil sensing depth

of ~5 cm.

Data assimilation systems that use satellite soil moisture observations typically employ
simplified or ensemble filtering methods in their land analysis. Both the European Center for
Medium-Range Weather Forecasting and the United Kingdom Met Office assimilate ASCAT
soil moisture observations using a simplified extended Kalman filter in their operational
global weather analysis and prediction systems (De Rosnay et al., 2013; Gomez et al., 2020).
Within the NASA Goddard Earth Observing System (GEOS) modeling and assimilation
framework, a weakly-coupled data assimilation system for land analysis has recently been
developed (Reichle et al., 2021b). The system uses an ensemble Kalman filter (EnKF) to
assimilate SMAP brightness temperature (Tb) observations, which was found to improve
forecasts of 2 m air temperature and humidity at lead times out to 5 days (Reichle et al.,

2023b).

The GEOS land data assimilation system (LDAS; Reichle et al., 2002, 2008) is built
around the NASA Catchment Land Surface Model (CLSM; Koster et al., 2000). In its offline
(land-only) configuration (i.e., without feedback to the atmosphere), GEOS LDAS has been
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used to assimilate a variety of land surface observations, including SMAP Tb (Reichle et al.,
2017b), SMOS Tb (De Lannoy & Reichle, 2016a), land surface temperature (Reichle et al.,
2010), and terrestrial water storage (Girotto et al., 2016). Other offline systems that assimilate
satellite soil moisture observations include the NASA Land Information System (Kumar et
al., 2008), the Canadian Land Data Assimilation System (Carrera et al., 2015) and the
Community Land Model-Data Assimilation Research Testbed (Zhao et al., 2016).

GEOS LDAS is used to generate the operational SMAP Level 4 Soil Moisture (L4 SM)
product, which provides global, 9 km resolution, 3 hourly surface (0 — 5 cm) and root-zone (0
— 100 cm) soil moisture with a mean latency of 2.5 days (Reichle et al., 2019). The L4 SM
product has been thoroughly validated by its algorithm development team and independent
researchers (e.g. Beck et al., 2021; Colliander et al., 2022; Ford & Quiring, 2019; Pablos et
al., 2018; Qiu et al., 2021; Reichle et al., 2017a; Reichle et al., 2017b; Reichle et al., 2023a;
Stillman & Zeng, 2018) and was found to be suitable for use in a wide variety of research and

applications.

In the present paper, we examine the separate and joint assimilation of ASCAT soil
moisture and SMAP Tb observations in a system that is largely equivalent to the operational
L4 SM algorithm. Previous studies have jointly assimilated observations from multiple
sensors to produce a soil moisture analysis. Using an early version of GEOS LDAS, Draper
et al., (2012) found that separately assimilating AMSR-E and ASCAT soil moisture
observations gave similar skill improvements, while assimilating them jointly resulted in
overall better soil moisture estimates. Moreover, Lievens et al., (2017) examined the
assimilation of SMAP Tb and Sentinel-1 synthetic aperture radar backscatter observations;
they found that in single-sensor experiments the assimilation of SMAP observations
consistently improved estimates of surface and root-zone soil moisture, while the assimilation
of Sentinel-1 observations improved only surface soil moisture. The joint assimilation of both
types of observations performed best, demonstrating the complementary value of radar and
radiometer observations. Finally, Seo et al., (2021) assimilated SMAP and/or ASCAT soil
moisture observations into the Joint UK Land Environment Simulator land model across the
continental United States. They found that the single-sensor SMAP experiment resulted in the
best soil moisture estimates; the average anomaly correlation skill of surface soil moisture
increased by 0.05 relative to that of the model-only simulation, while only increasing by 0.01

for the ASCAT experiment. The joint assimilation of soil moisture observations from both
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sensors resulted in a skill increase of 0.04, which is comparable to that of the SMAP-only
experiment, suggesting that assimilating additional observations of lower quality may have

little impact.

As noted above, assimilating SMAP Tb has been found to produce generally better soil
moisture estimates than assimilating other observations. Nevertheless, extending the GEOS
LDAS to additionally assimilate ASCAT soil moisture observations offers potential benefits.
First, the ASCAT record extends back to May 2007, which is nearly 8 years earlier than
SMAP, thereby greatly extending the period over which soil moisture observations are
available for use in future weather and climate reanalysis efforts. Second, ASCAT’s key role
in weather analysis and forecasting means that observations are routinely available in near-
real time and should remain available at least into the 2040s. That is, adding ASCAT
observations to a data assimilation system that assimilates SMAP observations will enhance
the robustness of the system, should SMAP become unavailable, if only temporarily, for any

reason.

To assess whether these potential benefits can be realized, our study carefully assesses the
impact of jointly assimilating ASCAT and SMAP versus assimilating them separately. We
employ multiple validation techniques to determine whether the information from the two
different types of observations provides complementary, redundant, or potentially
contradictory information. We also examine how the number of observations, the
effectiveness of bias correction, and observational uncertainty interact to influence the quality
of the land surface analysis. In doing so, our study directly addresses key challenges in land
data assimilation, including targeted DA, which determines which observations provide the
most skill improvement, and multi-sensor DA, which aims to assess whether assimilating
different observation types enhances or degrades analysis accuracy (De Lannoy et al., 2022).
By rigorously analyzing observation impacts, our study represents a step toward developing a
comprehensive land surface reanalysis system that assimilates multiple observation types for
improved long-term quality and consistency of future GEOS reanalysis products and

predictive capabilities of the GEOS global weather analysis and forecasting system.

The paper is organized as follows: CLSM and the radiative transfer model used to
simulate soil moisture and brightness temperature, respectively, along with the ASCAT,

SMAP and in-situ observations are described in section 2. The data assimilation system and
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our validation approach are outlined in section 3. Results are presented and discussed in

section 4. Finally, section 5 provides a summary and suggestions for future work.

2. Model and Data

2.1 Catchment land surface model

CLSM simulates the vertical profile of soil moisture in each of its computational units
(Koster et al., 2000). The vertical soil moisture profile is determined by the equilibrium
profile, which balances gravity and capillary forces from the surface to the (time-varying)
water table, and by deviations from this equilibrium profile in the 0-100 cm “root-zone” layer
and the 0-5 cm surface layer. The model prognostic variables for soil moisture are the
“catchment deficit” (catdef), “root-zone excess” (rzexc), and “surface excess” (srfexc), from
which the volumetric root-zone soil moisture content (0—100 cm) and surface soil moisture
content (0—5 cm) are diagnosed, along with the fractions of the saturated, unsaturated, and
wilting areas within each computational unit. In the absence of snow cover, the surface
temperature is determined by the area-weighted average of the surface temperatures in the
saturated (tcl), unsaturated (tc2), and wilting (tc4) areas. Finally, the soil temperature in the
uppermost layer (tpl) of the ground heat diffusion module is diagnosed from the model

prognostic ground heat content (ghtl).

A microwave radiative transfer model coupled to CLSM provides estimates of L-band
brightness temperature from the simulated surface soil moisture and soil temperature. In this
study, we use a zero-order “tau-omega” model (De Lannoy et al., 2014; De Lannoy et al.,
2013). The tau-omega model parameterizations and parameters match those of the L4 SM
Version 7 product (Reichle et al. 2023a), except that we use the refractive mixing dielectric
model for the soil of Mironov et al. (2004) and applied minor changes to the rough surface
reflectivity calculation (including polarization mixing) to match the tau-omega model
configuration of the SMAP radiometer soil moisture retrieval algorithm. The updated model
resulted in better performance during ongoing algorithm development (not shown) and will

be incorporated in the forthcoming Version 8 of the L4 SM product.

2.2 ASCAT soil moisture observations
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Soil wetness retrievals derived from C-Band (5.3 GHz) radar backscatter measurements
are available from the ASCAT sensors onboard the Meteorological Operational (METOP)
series of satellites (Bartalis et al., 2007, 2008; Wagner et al., 2013). Specifically, we
assimilate data from METOP-A (May 2007 — November 2021), METOP-B (September 2012
- present) and METOP-C (November 2018 - present) on a swath-based 25 km grid, which are
available in BUFR format in near-real time from the European Organisation for the
Exploitation of Meteorological Satellites (http://h-saf.eumetsat.int) (Collection ID
EO:EUM:DAT:METOP:SOMO25). Relative wetness (or surface degree of saturation) in the
upper 0-2 cm soil layer is retrieved by applying a change detection algorithm (Naeimi et al.,
2009; Wagner et al., 1999) to the ASCAT backscatter time series. The soil wetness retrievals
range between 0% and 100% in relative saturation units, with the 0% and 100% values
representing the driest and wettest observations at each location, respectively. The bias
correction applied to the ASCAT observations (section 3.2) implicitly converts their native
relative wetness units into volumetric soil moisture units (m?* m); hereinafter, we use the
term “ASCAT SM” when referring to the ASCAT observations after the bias correction has
been applied. The bias correction further ensures that the assimilated ASCAT SM
observations remain bounded (section 3.2). Being bounded, ASCAT SM observations cannot
be strictly Gaussian. Nonetheless, past work suggests that the EnKF is adequate for soil

moisture data assimilation despite such non-Gaussianity (Dibia et al., 2023).

Prior to bias correction and assimilation, ASCAT soil wetness retrievals with adverse
quality control (QC) flags are removed. Specifically, we remove soil wetness retrievals when
any bit in the “processing flag” is set, when any bit in the “correction flag” is set (with the
exception of bit 3, which indicates that a correction of wet backscatter was applied; Bartalis
et al., 2008), when the “land fraction” is less than 90%, or when the “topographic
complexity” or “inundation fraction” are greater than 10%. In addition to using the QC flags
available for each observation, we also apply a fixed spatial mask to remove retrievals
potentially impacted by subsurface scattering, as recommended by the ASCAT product
developers (Wagner et al., 2024). Finally, retrievals are also excluded when and where

CLSM indicates frozen or snow-covered ground.

A differently packaged ASCAT soil wetness retrieval product is used for validation (see
section 3.4.2). Specifically, we used the inter-satellite calibrated surface soil moisture climate

data record (CDR) version 7 (H SAF, 2021a) and its version 7 extension (H SAF, 2021b).
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This product provides SM time series for individual grid cells, which is more convenient for
validation purposes. The QC for the ASCAT CDR followed the procedures outlined in
(Reichle et al., 2021a). Specifically, we included only retrievals with a favorable surface state
flag (SSF=1) and a favorable confidence flag (CONF_ FLAG=0). Additional QC measures
were applied based on the consistency between the satellite and model estimates (see section

3.4.2 for details).

2.3 SMAP brightness temperature and soil moisture observations

The SMAP satellite is equipped with an L-band radiometer that is highly sensitive to
water in the surface (0-5 cm) soil layer and the vegetation (Entekhabi et al., 2010a; Jackson &
Schmugge, 1991; Schmugge et al., 1974). SMAP collects observations of horizontal (H) and
vertical (V) polarization brightness temperatures (Tb) from a sun-synchronous, near-circular,
polar orbit with equator crossings at 6 AM and 6 PM local time and a revisit time of 2-3 days.
Here we assimilate forward- and aft-looking SMAP Level 1C Tb observations (Chan et al.,
2023) in both H- and V-polarization and from both the AM and PM overpasses. The
observations are provided on the 36-km resolution Equal-Area Scalable Earth version 2
(EASEvV2) grid (Brodzik et al., 2012). A SMAP Tb observation was assimilated only if the
corresponding bit flag for its overall quality (cell tb _qual flag [h/v] [fore/aft]) was not set.

We also use SMAP surface soil moisture retrievals for validation when SMAP Tb
observations were not assimilated (section 3.4.2). Specifically, we used retrievals from the
SMAP Level 3 radiometer global daily 36-km EASE-grid soil moisture version 8 product
(O’Neill et al., 2021). For quality control, we included only retrievals with a “retrieval
succeeded” flag and good “tb quality” flags. Additionally, we excluded retrievals with the
“surface flag” indicating “model frozen ground”, or “snow and ice”. Additional QC was
applied for the validation based on the Instrumental Variable approach (see section 3.4.2 for
details). Finally, we excluded SMAP Tb observations and SMAP soil moisture retrievals
from the assimilation or validation when CLSM indicated that the soil was frozen or snow-

covered.

2.4 In-situ soil moisture measurements

Our primary in-situ soil moisture validation dataset is from the SMAP core validation

sites (Colliander et al., 2017, 2022). These data are particularly valuable because each core
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site has a locally dense network of sensors that ameliorates the typical upscaling errors when

comparing in-situ measurements with model grid cell output (Crow et al., 2012).

Across the network, the time-average number of individual surface soil moisture sensors
within the 33-km validation grid cells (or “reference pixels”) ranges between 6.0 and 28.1,
with a mean value of 13.4; the corresponding number of sensor profiles for root-zone soil
moisture ranges between 8.9 and 22.8, with a mean value of 15.1 (Reichle et al., 2023a).
Moreover, the core site measurements are fully independent of any calibration of CLSM. For
calculating our validation statistics, we use surface (root-zone) measurements from 18 (8)
different core sites situated in a wide variety of climate regimes and land cover classes (Table
S1 in the Supplemental Material). The 6-year period from 1 April 2015, 0z to 1 April 2021,
0z is used for the core site validation because more recent in-situ measurements are available
for only a small minority of the sites. In-situ measurements are used for validation only when
the model (or assimilation) estimates indicate non-frozen and snow-free conditions. For
additional information about the in-situ measurements and validation approach, see Reichle et

al. (2017a; their section 3).

3. Assimilation System

3.1 GEOS land data assimilation system

GEOS LDAS couples CLSM with a spatially distributed ensemble Kalman filter (EnKF)
that updates the model state based on comparison with relevant observations and accounts for
the uncertainties in both the model and the observations. Here, we utilized the system’s
established assimilation of SMAP Tb observations (section 2.3) and extended it to also
assimilate ASCAT SM observations from ascending and descending orbits from METOP-A,
-B and -C (section 2.2), either separately or jointly with the SMAP Tb observations.

Like in the L4 SM algorithm, a 24-member ensemble is used to estimate model forecast
uncertainty, with ensemble spread maintained by continuously perturbing select CLSM
prognostic variables (catdef and srfexc) and meteorological forcings (precipitation,
downward shortwave and longwave radiation). The perturbation parameters used here match
those of (De Lannoy & Reichle, 2016b) (their Table 2) except that the spatial correlation
scale for the perturbations of the model prognostic variables is set to 0.3° and the standard-

normal deviates generated for the multiplicative perturbations of the precipitation and
10
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downward shortwave forcing are truncated at +3. These changes make the perturbation

parameters consistent with those of the L4 SM Version 7 product.

We set the SMAP Tb observation error standard deviation to the constant 4 K value of the
L4 SM algorithm, which includes an estimated 1.3 K instrument error standard deviation and
3.8 K representativeness error standard deviation (i.e., error in the radiative transfer model
and remapping associated with the observation operator) (Gruber & Reichle, 2022; Reichle et
al., 2017a), which are added in quadrature. The ASCAT SM observation error standard
deviation was set to 9% (in relative saturation units) using previous estimates established
using the triple colocation technique (Dorigo et al., 2010). This is converted into volumetric
soil moisture units during the bias correction step, based on location-specific soil properties
used in CLSM (section 3.2). Based on the rule-of-thumb that a soil moisture change of 0.01
m’m corresponds to a Tb change of ~2-3 K (De Lannoy et al., 2019), and assuming a soil
porosity of ~0.5 m* m, the observation error assigned to ASCAT is at least twice as large (in

comparable units) as that ascribed to SMAP.

Every 3 hours (at 0000, 0300, ..., and 2100 UTC), the EnKF analysis uses the available
ASCAT SM and/or SMAP Tb observations within the 3-hour window centered on the
analysis time and produces increments (or correction terms) for the model prognostic
variables associated with the surface and root-zone soil moisture and the surface and top-
layer soil temperature. In the case of ASCAT SM observations, the EnKF state vector
includes srfexc and rzexc, and additionally catdef for grid cells modeled as peatlands. For
SMAP Tb observations, the EnKF state vector includes srfexc and rzexc (and catdef in the
case of peatlands) plus the model prognostic variables for surface temperature (tcl, tc2, and
tc4) and the layer-1 ground heat content (ghtl) (section 2.1). The latter EnKF state vector is
also used when ASCAT SM and SMAP Tb observations impact a single model grid cell

within the same 3-hour assimilation window.

The magnitude of the analysis increments depends on the misfit between the observed
and simulated surface soil moisture (ASCAT) and Tb values (SMAP), that is, the
observation-minus-forecast (OmF) residuals (or “innovations™). It further depends on the
ensemble-simulated error covariances between the simulated observation-space (soil moisture
and Tb) diagnostics and the CLSM prognostics that make up the EnKF state vector. Error
covariances between surface and root-zone soil moisture therefore allow updating the latter

using observations that are primarily sensitive only to surface-layer conditions.

11
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For both ASCAT SM and SMAP Tb, the OmF residuals used in the EnKF analysis are
computed after first removing the seasonally varying ASCAT SM (or SMAP Tb) climatology
from the observed values and the corresponding model forecast climatology from the model
forecast values (De Lannoy & Reichle, 2016a; section 3.2). Therefore, only the observed
anomalies from the climatological seasonal cycle are assimilated and, by design, the EnKF
analysis does not correct for systematic errors, such as might be found in precipitation forcing
(Reichle et al., 2023a). This is because the EnKF assumes unbiased errors; using the EnKF to
correct for bias can result in misleading updates and unrealistic state estimates. Finally, the
resulting analysis increments are added to the model forecast estimates of the EnKF state and,
starting from the corrected model prognostic variables, the simulation continues for three

hours until the next analysis time.

The EnKF update is spatially distributed (or 3-dimensional) in the sense that at a given 36
km grid cell, all observations within a radius of 1.25° impact the (surface and root-zone)
analysis (De Lannoy & Reichle, 2016a; their section 3.1). The weight contributed by an OmF
residual toward the soil moisture (or temperature) increments at a given 36 km grid cell is
proportional to the ensemble-estimated forecast error correlations between the ASCAT SM or
SMAP Tb observation at the observation location and the soil moisture (or temperature) at
the location of the increment. Since this error correlation typically decays with increasing
distance of the observation from the location of the increment, its sample-based estimate
becomes relatively noisier with increasing distance. This is addressed through a distance-
based covariance localization approach with a compact support radius of 1.25° (De Lannoy &
Reichle, 2016a; Gaspari & Cohn, 1999), which is the maximum distance over which an

observation can have an impact.

12
File generated with AMS Word template 2.0



347

348
349
350
351
352

353

354
355
356
357
358
359
360
361

a) ASCAT OmF (SM): 2020701_0300z b) SMAP OmF (Tb_V): 2020701_0300z
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) Surface soil moisture content analysis: 2020701_0300z  f) Root-zone soil moisture content analysis: 2020701_0300z

Figure 1. lllustration of key stages in the soil moisture update in the joint assimilation of
ASCAT soil moisture (SM) and SMAP brightness temperature (Tb) on 1 July 2020 at 03:00
UTC. (a) ASCAT SM OmF; (b) SMAP Tb OmF for V-polarization; (c, d) increments in
surface excess (srfexc) and root-zone excess (rzexc), (e, f) analysis of surface soil moisture
content and root-zone soil moisture content. Grey shading indicates no-data values.

Figure 1 illustrates the key stages in the soil moisture analysis outlined above for a single
3-hour assimilation window centered on 03:00 UTC on 1 July 2020. Figure 1a-b shows
swaths of footprint-scale OmF residuals for ASCAT SM and SMAP V-polarization Tb,
respectively. (The corresponding map for H-polarization Tb OmF residuals looks very similar
to that for V-polarization; not shown.) The EnKF transforms the OmF residuals into
increments in srfexc (Figure 1c¢) and rzexc (Figure 1d). Positive Tb OmF values indicate that
the Tb forecast is too cold, which implies that the soil moisture model forecast is too wet and

results in negative (drying) soil water increments. Conversely, positive ASCAT SM OmF
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values indicate that the model forecast is too dry, resulting in positive (wetting) soil water
increments, and vice versa for OmF residuals with the opposite sign. The increments
associated with ASCAT SM observations (e.g., across North America and eastern Siberia)
are generally smaller than those associated with SMAP Tb observations (e.g., across eastern
and southern Africa and central Asia) (Figure 1c-d), which is consistent with the
aforementioned difference in the assigned ASCAT and SMAP observation error standard
deviations. The increments are then added to the model forecast values to produce the
analysis of surface (Figure 1¢) and root-zone (Figure 1f) soil moisture, shown here in
volumetric soil moisture units. The analysis estimates are spatially complete and differ from
the corresponding forecasts where observations were assimilated (not shown). The
corresponding analysis of the model prognostic excess and deficit variables is then used to

initiate the next timestep of model integration.

3.2 Bias correction

Bias in modeled soil moisture and Tb is expected, owing to systematic errors in land
model parameterizations, parameters, and forcing data. Since the EnKF analysis is not
designed to correct for bias, the assimilated observations are scaled to match the climatology

of the corresponding model estimates.

Prior to assimilation, we subtract the observed mean seasonal cycle from the SMAP Tb
observations and then add the corresponding seasonal cycle of the simulated Tbs (separately
for each grid cell). Thus, only the anomaly information contained in the SMAP Tb

observations is assimilated.

We apply a Z-score transform to the ASCAT relative wetness observations; that is, we
subtract the observed mean seasonal cycle, multiply the resulting anomalies with the ratio of
the simulated to the observed temporal standard deviations (computed over the entire
experiment period), and then add the mean seasonal cycle of the CLSM-simulated volumetric
surface soil moisture estimates. Finally, the scaled ASCAT SM observations are further
restricted to fall within the range given by the driest and wettest modeled values sampled
over the experiment period (separately for each grid cell). In this case, only the normalized
anomaly information contained in the ASCAT relative wetness observations is assimilated.
The bias correction also implicitly converts the ASCAT observations from their native
relative wetness units (%) to the volumetric soil moisture units (m?* m) of the CLSM

volumetric surface soil moisture forecasts. While the physical relationship between ASCAT
14
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relative wetness and volumetric soil moisture is nonlinear, we apply a linear anomaly
mapping using a Z-score transform, as it is computationally efficient and consistent with the
assumptions of the EnKF, which requires approximately Gaussian errors and linear error

propagation.

The seasonal cycles of the mean and standard deviation of the observations and model
estimates are computed from the data across the entire experiment period. For this
calculation, the simulated data are masked to the times and locations for which good-quality
observations are available. The Tb mean seasonal cycles are calculated on the 36-km
EASEV2 grid. The ASCAT relative wetness observations, which are provided on a 25-km
swath grid, are first binned onto a regular 0.25° latitude/longitude grid, and the seasonal cycle
of their mean and standard deviation is calculated on this grid, as is that of the corresponding
model forecasts. All seasonal cycles are computed separately for each pentad of the year
using a 75-day smoothing window centered on the pentad, provided there are at least 20 (5)

good-quality SMAP (ASCAT) observations.

The effectiveness of the bias correction approach applied here is influenced by several
factors, including long-term data quality, regional variations, and land cover
characteristics. Long-term data quality is important because systematic errors in the
observational record, such as sensor degradation, changes in retrieval algorithms, or shifts in
calibration standards can introduce inconsistencies over time. If the historical dataset used for
determining the bias correction parameters is not stable, the correction may lead to artificial
trends or step changes in soil moisture estimates. Moreover, the systematic differences
between the model and the observations vary across different regions and land cover types
owing to differences in surface characteristics, vegetation density, and climate regimes. To
help address these variations, our approach applies a localized and seasonally varying bias
correction. However, this approach may still not fully capture short-term variations such as
those caused by the harvesting of crops, thereby potentially limiting the effectiveness of data

assimilation in highly dynamic environments.

3.3 Experiments

To investigate the impact of assimilating ASCAT SM observations into GEOS LDAS we
carried out four experiments (Table 1). All four experiments are identically configured in
terms of the model setup, resolution, forcing, ensemble size and perturbations. The

experiments differ only in the kinds of observations that are assimilated. For each
15
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experiment, a 24-member CLSM ensemble with perturbations is run on the 36-km EASEv2
grid for 6-years from 1 April 2015 to 31 March 2021, driven with surface meteorological
forcing data from the GEOS Forward Processing (FP) system at 0.25° x 0.3125° (latitude x
longitude) resolution (Lucchesi, 2013). The CLSM ensemble was spun up for 9 months from
1 July 2014. The ensemble spin-up was initialized from a single-member CLSM simulation
spanning the 24.5 years from 1 January 1990 to 1 July 2014 driven with surface
meteorological forcing from the Modern-Era Retrospective analysis for Research and
Applications version 2 (Gelaro et al., 2017). The GEOS-FP and MERRA-2 precipitation is
used here without the daily observations-based corrections of the L4 SM Version 7 product
(Reichle et al. 2023a). To ensure climatological consistency across the spin-up and
experiment periods, however, the GEOS-FP and MERRA-2 precipitation was rescaled to
match the (seasonally-varying) precipitation climatology that is used in the L4 SM Version 7

product.
Experiment | Experiment Description Assimilated Passive Observations
Name Observations
CNTL Model-only control simulation | None ASCAT SM, SMAP Tb
ASC DA ASCAT SM data assimilation | ASCAT SM SMAP Tb
SMP DA SMAP Tb data assimilation SMAP Tb ASCAT SM
MLT DA Multi-sensor data assimilation | ASCAT SM, SMAP Tb | None

Table 1. Overview of experiments. Passive observations are ingested only to obtain OmF
residuals as a diagnostic and do not contribute to the analysis increments.

The CNTL experiment is a control (or “open-loop”) ensemble simulation without any
data assimilation. The 24 model ensemble members are forced and perturbed in the same way
as in a data assimilation run, and for every three-hour assimilation window, the available
(bias-corrected) ASCAT SM and SMAP Tb data are ingested as “passive” observations to
produce OmF residuals, which are saved for the purpose of validation (section 3.4.3). That is,
in the CNTL experiment, the EnKF is not employed to calculate analysis increments, and the
next model integration timestep begins from the previous forecast with no update. The skill
of this model-only control run can then be assessed with the validation techniques discussed

below (section 3.4) and serves as a baseline for the impact of the satellite data assimilation.
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The ASC DA experiment assimilates only ASCAT SM observations and ingests SMAP
Tb data as passive observations. That is, only the misfit between ASCAT SM observations
and the corresponding surface soil moisture forecast is used by the EnKF to calculate
increments for srfexc and rzexc (and catdef for peatlands), whereas SMAP Tb observations
are not used in the calculation of the soil moisture or soil temperature analysis increments.
This experiment is designed to test whether ASCAT SM can provide meaningful soil
moisture information in the absence of SMAP observations. Demonstrating this capability
would enhance system robustness in scenarios where SMAP Tb observations become
unavailable; it would also allow for an extension of the observational record to periods before

SMAP became operational in 2015.

Conversely, the SMP_DA experiment assimilates only SMAP Tb observations and
ingests ASCAT SM data as passive observations. This experiment serves as the DA
benchmark, representing our current best system where only SMAP Tb is assimilated to

update soil moisture and temperature states.

Finally, the MLT DA experiment assimilates both ASCAT SM and SMAP Tb, with both
types of observations contributing to the soil moisture analysis increments. This experiment
assesses whether the combined assimilation of ASCAT and SMAP improves the analysis
compared to single-sensor assimilation. It helps identify when and where the integration of
both types of observations leads to improvements and under what conditions potential
inconsistencies arise, informing the development of more robust multi-sensor data

assimilation strategies.
3.4 Validation

3.4.1 IN-SITU VALIDATION

The unbiased root-mean-square difference (ubRSMD, or standard deviation of the error
(Entekhabi et al., 2010b)), time series correlation (R), and anomaly R (anomR) metrics versus
the in-situ measurements (section 2.4) were computed as in Reichle et al. (2019). For a given
site, these metrics are computed from 3-hourly data, provided at least 480 measurements (or
about 2 months of data) are available after QC. Calculating anomR requires that there is an
estimate of the 6-year mean seasonal cycle. The latter is computed separately for each day of
the year using a 31-day smoothing window when there are at least 240 measurements across

the 6-year validation period. The mean seasonal cycle of the model or assimilation
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experiments is computed after temporal cross-masking with the available in-situ
measurements. Summary metrics are calculated by averaging across the metrics from all
individual core sites, giving equal weight to each. Statistical uncertainty in the ubRMSD, R,
and anomR metrics is estimated using 95% confidence intervals, which are computed at each
site based on the number of samples in the time series (with a correction for temporal

autocorrelation (Dawdy & Matalas, 1964)).

3.4.2 INSTRUMENTAL VARIABLE APPROACH

Differences in soil moisture anomR skill between the experiments is additionally
quantified using independent satellite soil moisture observations when available, following
the “single” Instrumental Variable (IV) approach of Su et al. (2014). Briefly, the IV method
obtains the difference in skill between two sets of surface soil moisture estimates — in this
case the CNTL experiment and either ASC_DA or SMP_DA — versus an unknown true soil
moisture through their sample anomaly correlation versus independent satellite observations.
By leveraging the temporal persistence of soil moisture, we use a lagged satellite dataset as
an instrument to correct for bias in the estimated anomR metric. This approach is analogous
to Two-Stage Least Squares regression, where the instrumental variable helps isolate the true
relationship between variables by removing endogeneity or measurement error (Wooldridge,
2024). Reichle et al. (2021a; their Fig. 4) successfully verified ASCAT SM-based IV metrics
for a SMAP Tb assimilation experiment against metrics derived from in-situ measurements at
the above-mentioned SMAP core validation sites. A more detailed discussion of the IV

method, including key equations, is provided in section S2 of the Supplementary Material.

Here, SMAP Level 3 soil moisture is used as the IV to assess the single-sensor ASCAT
assimilation (ASC DA), and ASCAT relative wetness is used as the IV to assess the single-
sensor SMAP assimilation (SMP_DA), thereby ensuring independence between the
assimilation system and the validation data. Since MLT DA assimilates both ASCAT and
SMAP observations, it is not validated using the IV approach for lack of independent
observations. (Note that SMOS soil moisture retrievals and the assimilation of SMAP Tb
observations in GEOS LDAS both rely on similar L-band radiative transfer modeling and are

not independent.)

In addition to the QC applied to the satellite observations outlined in sections 2.2 and 2.3,
for the IV-based validation we applied additional QC based on consistency metrics between

the satellite and model soil moisture (Reichle et al., 2021a). As part of this additional QC, we
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excluded locations where the [V-based estimate of soil moisture anomR skill fell below 0.1
for any satellite-experiment pair. This threshold helps ensure that the independent data have
sufficient skill to act as a valid instrument, because statistical error estimators can become
unstable with low-quality inputs (Dong et al., 2018). A 0.1 inter-product correlation
coefficient is commonly adopted as a lower bound for meaningful analysis (e.g., Dong et al.,
2020). Moreover, locations where the soil moisture anomalies from the satellite product and
the assimilation experiment had a negative pairwise cross-correlation or 2-day lagged
autocorrelation were also excluded. Finally, note that in the present paper we focus
exclusively on differences in skill metrics, which mitigates potential issues with bias in the

absolute skill metrics derived from the IV method.

3.4.3 DATA ASSIMILATION DIAGNOSTICS

All data assimilation systems, including GEOS LDAS, produce internal diagnostics that
can be used to assess whether the system is performing well and as expected. The statistics of
the OmF residuals and soil moisture analysis increments are typically the most informative
metrics. A detailed description of their use in the evaluation of the L4 SM product can be
found in Reichle et al. (2017b; their section 2c¢). It is important to keep in mind that OmF
residuals for ASCAT observations are in the units of the scaled ASCAT SM observations,
that is m* m™ (section 3.2). Similarly, Tb OmF residuals are in brightness temperatures units
(K). As higher soil moisture and lower Tb both indicate wetter soils, the sign of the OmF
residuals will be opposite when the forecast is too wet relative to observations (negative OmF
for soil moisture and positive OmF for Tb), and vice versa. OmF residuals will always be at
the spatial resolution of the observations, although for time series statistical analysis and
plotting, each observation is assigned to the closest model grid cell. The soil moisture
analysis increments, on the other hand, will have the same units as the incremented “excess”
and “deficit” model variables (kg m~, equivalent to mm) and be at the model grid cell

resolution.

Much of the value in the OmF residuals comes from the fact that each OmF value 1s
calculated before the observation is assimilated. In other words, the observations used in the
OmPF residuals provide independent information in the evaluation of the model forecast. If the
assimilation system is performing well and the observations have been bias-corrected, the
long-term mean of the OmF residuals should be close to zero, indicating there is no net
addition or subtraction of water. Therefore, from a diagnostics perspective, the time series
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standard deviation of the OmF residuals is more informative than their long-term mean. The
OmF standard deviation provides an estimate of the typical misfit between the model forecast
and the (scaled) observations, which can be used to estimate how “hard” the assimilation
system is working to correct model states. A reduction in the time series standard deviation of
the OmF residuals indicates that the assimilation improved the model forecasts. For this

reason, we also examine the time series standard deviation of the analysis increments.

Unlike the assimilated observations, the model forecast and the analysis are always
spatially complete across the model domain (Figure 1). For any given 3-hour analysis
window, the increments therefore trivially vanish across much of the global domain simply
because no observations were assimilated within the 1.25° compact support radius (section
3.1). To exclude these trivially vanishing increments, we consider only soil moisture
increments with an absolute value greater than 0.0002 m* m™ in the calculation of the
statistics. This threshold is required because the volumetric soil moisture increments are
computed here as the difference between the analysis and forecast fields, which entails
roundoff error and prevents us from identifying exact zeros. As a side effect, this approach
excludes the presumably rare increments that are very small because the model forecast and
the observations agreed closely. We verified that our results are not sensitive to the exact

value of the applied threshold.

4. Results and Discussion

4.1 In-situ metrics

The summary performance metrics across the SMAP core validation sites are shown in
Figure 2. The performance metrics for the CNTL experiment provide a baseline for CLSM’s
ability to simulate surface and root-zone soil moisture when driven with GEOS-FP surface
meteorological forcing. The R and anomR values for CNTL range between 0.55 and 0.67,
and the ubRMSD for CNTL is 0.042 m?* m~ for surface soil moisture and 0.031 m? m™ for
root-zone soil moisture, indicating that CLSM driven with GEOS-FP precipitation has
reasonable skill in simulating soil moisture, but that there is also room for improvement

through assimilating soil moisture observations.
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Figure 2. Performance metrics vs. in-situ measurements for (a-c) surface soil moisture at
18 SMAP core validation sites and (d-f) root-zone soil moisture at 8 sites. Metrics include
(a,d) time series correlation (R), (b,e) anomaly R (anomR) and, (c,f) unbiased root mean
square difference (ubRMSD).

Assimilating only ASCAT SM observations in the ASC_DA experiment yields small but
consistent improvements in all metrics for surface and root-zone soil moisture skill relative to
the CNTL experiment. While these skill differences are not statistically significant for any
single metric, as indicated by the overlapping 95% confidence intervals, their consistency
across several metrics suggests an overall beneficial impact from the assimilation of ASCAT
observations. For surface soil moisture, R increases from 0.63 for CNTL to 0.66 for
ASC DA, anomR increases from 0.55 to 0.58, and ubRMSD decreases from 0.042 to 0.040
m? m. The equivalent differences are relatively larger for root-zone soil moisture, with R
increasing from 0.67 for CNTL to 0.75 for ASC_DA, anomR from 0.59 to 0.70, and
ubRMSD decreasing from 0.031 to 0.027 m® m™. This overall improvement is a reassuring
result, indicating that the ASCAT observations contain useful information about surface soil
moisture. Moreover, the results suggest that GEOS LDAS can effectively incorporate
ASCAT data to improve CLSM soil moisture estimates across the range of land cover types

and environmental conditions represented by the SMAP core validation sites.
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When only SMAP Tb observations are assimilated (SMP_DA), the improvements vs.
CNTL are larger across all skill metrics compared to those achieved with ASC DA. For
SMP_ DA, the R and anomR metrics for surface soil moisture (Figure 2a, b) show statistically
significant improvements vs. CNTL (and vs. ASC_DA), with R increasing from 0.63 for
CNTL to 0.74 for SMP_DA and anomR increasing from 0.58 for CNTL to 0.68 for
SMP_DA. This result is consistent with the long history of validation results for the L4 SM
product (e.g. Beck et al., 2021; Colliander et al., 2022; Qiu et al., 2021; Reichle et al., 2017a;
Reichle et al., 2017b) and with the L4 SM product’s emphasis on improving correlation
skill. It also backs the assertion that SMAP Tb observations contain more information about
the true surface soil moisture state than do ASCAT SM observations. Other studies have
come to similar conclusions. For example, using triple co-location-estimated correlation
metrics Chen et al. (2018) confirmed the overall advantage of SMAP (with a global average
anomaly correlation of 0.76) over SMOS (0.66) and ASCAT (0.63). Using information
theory-based metrics Kumar et al. (2018) found the information content of soil moisture
products derived from AMSR-E, ASCAT, SMOS and AMSR2 to be lower than that of the
SMAP product. Finally, Al-Yaari et al. (2019) found better performance, particularly in terms
of temporal dynamics, for SMAP and SMOS than for ASCAT when validating against in-situ
soil moisture measurements from the International Soil Moisture Network (Dorigo et al.,
2021). Finally, note that the SMP_ DA skill metrics reported here are slightly worse than
those for the L4 SM product (Reichle et al., 2023a) because the L4 SM algorithm
additionally uses observation-based precipitation to drive CLSM, which is not used in this

study to isolate the impact of assimilating the different observation types.

The joint assimilation of ASCAT SM and SMAP Tb observations, experiment MLT DA,
gives results that are very similar to those of SMP_DA. The ubRMSD metrics for the two
experiments are nearly identical. While the R and anomR metrics are slightly better in
MLT DA than in SMP_DA for root-zone soil moisture, the reverse is true for surface soil
moisture. The statistical indistinguishability of MLT DA and SMP_ DA indicates that while
ASCAT SM does not provide additional beneficial information beyond SMAP Tb at these
sites, its inclusion does not degrade the forecast either, ensuring robustness without negative
trade-offs. Even though there is no net improvement from the additional assimilation of
ASCAT SM observations when SMAP Tb observations are assimilated, the multi-sensor
assimilation system will benefit from the assimilation of ASCAT SM observations during
periods when SMAP Tb observations are not available, including prior to 31 March 2015 or
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during SMAP outages thereafter. During such periods, the skill of the multi-sensor system
can be approximated by that of the single-sensor system that assimilates only ASCAT SM

observations.

4.2 Instrumental variable approach

Validation with in-situ soil moisture observations is important but clearly very limited in
its spatial coverage. To quantify the impact of the assimilation across the global domain, we
employed the IV approach (section 3.4.2) using independent satellite soil moisture
observations, that is, SMAP Level 3 soil moisture retrievals to assess ASC_DA, and ASCAT
soil wetness retrievals to assess SMP_DA. (Recall that we cannot assess MLT DA for lack
of independent observations.) The difference in daily anomR skill between ASC_DA and
CNTL is shown in Figure 3a, and the skill difference between SMP_DA and CNTL is shown
in Figure 3b. In both cases, the IV approach shows a clear improvement in anomR skill
following assimilation, with the mean difference being 0.06 between ASC DA and CNTL
and 0.13 between SMP_DA and CNTL. The improvement in soil moisture estimates
following SMAP Tb assimilation is nearly universally larger than that following ASCAT SM
assimilation, although the unavoidable use of different independent data sets complicates the
comparison. The global patterns of the skill improvements over CNTL are similar for the two
single-sensor assimilation experiments, with the largest improvements found across much of
sub-Saharan Africa, South America and northeastern China. SMP_DA further shows strong
improvement across central North America. There are some small areas of degradation with
respect to CNTL that typically overlap between the two assimilation experiments, although
the degradation is more extensive for ASC DA, especially in semi-arid and arid regions.
ASC DA also shows some performance degradation in isolated pockets across the high

latitudes.
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Figure 3. Difference in surface soil moisture anomaly R (anomR) skill between (a)
ASC DA and CNTL and (b) SMP_DA and CNTL. Skill difference estimated using the IV
approach (section 3.4.2) with (a) SMAP Level 3 and (b) ASCAT soil wetness as the
instrumental variable for April 2015 — March 2021. Note that the instrumental variable is
independent of the assimilated observations. Blue colors indicate that the assimilation
improved the skill over the model-only CNTL experiment. Grey shading indicates insufficient
observations available for assessment.

4.3 Data assimilation diagnostics

4.3.1 NUMBER OF ASSIMILATED OBSERVATIONS

Understanding the frequency of the assimilated ASCAT SM and SMAP Tb observations
is key to evaluating their relative impact in a multi-sensor data assimilation system because
the impact depends on the information content of individual observations as well as the
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number of observations. Since the immediate impact of the land surface analysis is limited to
the compact support radius of 1.25° (section 3.1), and since there is no horizontal propagation
of information in the land-only assimilation system examined here, the assimilation of
ASCAT SM and SMAP Tb observations cannot improve the modeled soil moisture where
observations are not assimilated. Furthermore, regional variations in observation frequency
could explain features in the OmF residuals or analysis increments and guide the treatment of

observations.

Figure 4 shows the average number of ASCAT SM (Figure 4a) and SMAP Tb (Figure 4b)
observations assimilated per day for each 36 km model grid cell over the 6 years from April
2015 to March 2021 in the MLT DA experiment. For ASCAT, all observations of acceptable
quality (section 2.2) from METOP-A, -B and -C and both ascending and descending orbits
count towards the average. For SMAP, H- and V-polarization Tb observations of acceptable

quality (section 2.3) from ascending and descending orbits count towards the average.
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Figure 4. Average number of (a) ASCAT SM and (b) SMAP Tb observations assimilated
per day in the MLT DA experiment during the 6-year experiment period. Averages based on
(a) ASCAT observations of acceptable quality from METOP-A, -B and -C and from
ascending and descending orbits and (b) SMAP H- and V-polarization observations of
acceptable quality from ascending and descending orbits. Numbers in the bottom of each
map indicate the spatial mean # standard deviation.

The global average number of observations (per 36 km grid cell) is 0.97 for ASCAT SM
and 1.35 for SMAP Tb, and the maximum number (per 36 km grid cell) is 2.67 for ASCAT
SM and 2.38 for SMAP Tb. The average number of assimilated SMAP Tb observations is
higher than that for ASCAT SM, even though at least two, and up to three, ASCAT sensors
were in orbit at any given time during the experiment period. Since the revisit time of a single
ASCAT sensor is similar to that of SMAP, it is expected that the assimilation of multiple

ASCAT sensors would, on average, provide more frequent SM observations than the single
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SMAP sensor. However, the separate counting of the H- and V-polarization Tb observations
effectively doubles the SMAP observations count. Another factor contributing to the
discrepancy is the stricter QC of the ASCAT observations. As might be expected given the
higher number of ASCAT sensors, the maximum number of observations in a single 36-km
grid cell is higher for ASCAT SM than for SMAP Tb, as can be seen in southeastern South
America and southwestern Australia (Figure 4a). QC and masking applied to ASCAT SM
observations (section 2.2) means that no ASCAT SM observations are assimilated at all in the
Sahara Desert and the tropical rainforests (Figure 4a). In the latter, SMAP Tb observations
are routinely assimilated (Figure 4b), but owing to the typically dense vegetation, the
corresponding soil moisture increments are small (section 4.3.3). For both sensors, very few
or no observations are assimilated over mountainous regions (including the Rockies, Andes,
and Himalayas), or near lakes or large rivers such as the Amazon. Similarly, fewer
observations tend to be assimilated at high latitudes as there is only a short summer season
when soils are unfrozen (and the observations pass QC), although this is partially offset by
the more frequent overpasses owing to the satellites’ polar orbits. For SMAP Tb, the 8-day
exact repeat orbital overpasses result in a geometric pattern that is clearly visible across the
lower latitudes. For ASCAT SM, the stricter QC all but erases any orbital patterns in the

count of the assimilated observations.

Of the grid cells that have SMAP Tb or ASCAT SM observations at any time over the 6-
year experiment period, 64% have observations from both sensors. (Note that this is different
from the more likely occurrence of observations from both sensors falling within the
localization distance of the spatially distributed filter and thus impacting a single grid cell’s
analysis increment.) However, it happens very rarely that the ASCAT and SMAP overpass
times are close enough to result in the simultaneous assimilation of ASCAT SM and SMAP
Tb observations during a given 3-hour analysis window at a given 36-km grid cell; this
happens on average only 13.4 times per grid cell per year (or 20.7 times per grid cell per year
when excluding the 36% of grid cells which never have observations from one of the two
sensor types). In the high latitudes, simultaneous assimilation of ASCAT SM and SMAP Tb
happens up to 101 times per grid cell per year (Figure Sla in the Supplemental Material). On
average, simultaneous ASCAT SM and SMAP Tb assimilation occurs for just 1.6% of the
total number of assimilated observations, although in the high latitudes the fraction can be as
high as 14.8% of the total number of assimilated observations (Figure S1b in the
Supplemental Material).
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In summary, our results indicate that, despite some differences in QC and masking, the
number and spatial distribution of assimilated ASCAT SM and SMAP Tb observations are
remarkably similar. While this limits the potential of the ASCAT SM and SMAP Tb
observations to complement each other, their comparable availability simplifies the
assessment of their relative impacts in data assimilation. Unfortunately, both datasets exhibit
reduced coverage in mountainous regions and, to a lesser extent, the high latitudes. This
further supports ASCAT’s role as a potential fallback option in operational weather

forecasting or reanalysis applications during periods when SMAP is not available.

4.3.2 OBSERVATION-MINUS-FORECAST RESIDUALS

We first checked the mean of the OmF residuals to assess our bias correction (section
3.2). We find that the global mean (£standard deviation) of the ASCAT SM OmF residuals
over the 6-year experimental period is -0.0004 (£0.0069) m* m- for CNTL, and the
equivalent value for SMAP Tb OmF residuals is -0.03 (£0.58) K. Figure S2 in the
Supplemental Material shows the global distribution of time series mean values for ASCAT
SM and SMAP Tb OmF residuals for CNTL, indicating good performance nearly
everywhere, except for small pockets across the high latitudes where the mean of the ASCAT
SM OmF residuals can be +0.05 m?* m=. This result implies our spatially distributed bias
correction (section 3.2) adequately removes the seasonally-varying bias between the
assimilated observations and the corresponding model forecasts. That is, in the long-term
average the assimilation does not add or subtract water and thus does not adversely impact

the global water balance.
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Figure 5. Global standard deviation (StdDev) of OmF residuals for (a) ASCAT SM and (b)
SMAP Tb observations from (blue solid) CNTL, (orange dashed) ASC DA, (green dash-dot)
SMP DA, and (red dotted) MLT DA. Standard deviation is computed from all OmF
residuals within a day and then smoothed over a 20-day moving window. OmF residuals are
always calculated for both observation types, including when the observations are “passive”
and do not contribute to the calculation of analysis increments. The magnitude of the
reduction in OmF StdDev relative to CNTL serves as an indicator of the effectiveness of the
assimilation experiment. Numbers in legend indicate the time-average of the OmF global
standard deviation.

For each of the four experiments and across the 6-year experiment period, Figure 5 shows
the global standard deviation of the OmF residuals for ASCAT SM and SMAP Tb. The

standard deviation is computed from global OmF residuals binned into daily time periods
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(i.e., over eight 3-hour assimilation windows) and then smoothed using a 20-day moving
window. For any given date, a larger OmF standard deviation in a particular experiment
indicates a greater mismatch between the observations and the corresponding model

forecasts, and thus lower skill.

For both observation types, the standard deviation is largest for CNTL, which can be used
as a benchmark (Figure 5). The ASCAT SM OmF standard deviation has a clear annual cycle
in all experiments (Figure 5a), with values increasing rapidly in April and peaking in the
Northern Hemisphere summer, most likely owing to the changing spatial support; the number
of assimilated observations increases in the northern latitudes as the seasonal snowpack melts
and soils thaw, which coincides with a relatively large variability in the observations and/or
forecasts. Interestingly, the OmF residuals for SMAP Tb observations do not exhibit such a
distinct seasonal cycle (Figure 5b), despite a similar increase in the number of observations

passing QC in the Northern Hemisphere during the summer months (not shown).

The largest reduction in the ASCAT SM OmF standard deviation occurs for ASC_ DA,
with a relatively constant reduction of approximately 0.009 m® m= (Figure 5a). The reduction
is slightly smaller when ASCAT SM and SMAP Tb are jointly assimilated in MLT DA.
There is also a small but persistent reduction in ASCAT SM OmF residuals in SMP_DA,
when only the SMAP Tb observations are assimilated. In this case, the ASCAT SM data are
passive observations and do not impact the analysis increments. This result indicates that
assimilating only SMAP Tb results in soil moisture forecasts that are, in the global average,
closer to the (passive) ASCAT observations. The relatively modest reduction of 0.002 m® m™3,
however, suggests that the SMAP Tb and ASCAT SM observations do not contain the same
information about soil moisture; if this was the case, the results for ASC_DA and SMP_DA
would be more similar. This indicates that while the two observation types share some
common sensitivity to soil moisture variability, differences in their retrieval physics and error

characteristics result in distinct impacts on the assimilation system.

The story is similar when considering the SMAP Tb OmF residuals (Figure 5b). As
expected, the greatest reduction in the SMAP Tb OmF standard deviation is found when
SMAP Tb observations are assimilated; the SMAP Tb OmF standard deviation for both
SMP DA and MLT DA is reduced by =1.1 K from that of CNTL in the global average
throughout the 6-year experiment period. In contrast, the assimilation of only ASCAT SM
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observations (ASC_DA) reduces the misfit between the (passive) SMAP Tb observations and
the model forecasts by just 0.3 K.

b) ASC_DA - CNTL: Relative A StdDev of SMAP Tb OmF

a) ASC_DA - CNTL: Relative A StdDev of ASCAT SM OmF
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Figure 6. Relative difference (percent) in the time series standard deviation of (a,c,e)
ASCAT SM OmF residuals and (b,d,f) SMAP Tb OmF residuals between (a,b) ASC DA and
CNTL, (c,d) SMP DA and CNTL, and (e,f) MLT DA and CNTL. Blue shading means that the
assimilation improves the model background forecasts. Relative difference is calculated with
respect to the CNTL value. Metric computed for 1 April 2015 to 31 March 2021. Numbers in
the bottom of each map indicate the spatial mean +standard deviation. Grey shading
indicates insufficient number of observations to calculate statistics.

Next, Figure 6 shows the global distribution of the relative change in the time series
standard deviation of the OmF residuals for the assimilation experiments with respect to that
of CNTL. The relative change is the difference in the OmF standard deviation between the
assimilation experiment and CNTL, normalized by the OmF standard deviation of CNTL.
This metric allows for a more direct comparison of the impact of the assimilation of ASCAT

SM and SMAP Tb observations, which do not share the same units. Negative values (blue
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colors in Figure 6) indicate that the assimilation experiment has smaller typical OmF

differences and thus has improved model background forecasts compared to those of CNTL.

For the ASCAT SM OmF standard deviation, the largest relative differences occur for
ASC DA, with a global average improvement of -23.7% (Figure 6a). There is substantial
improvement in the model background forecasts nearly everywhere, including in central
North America, Argentina, much of Europe, east Africa, northeastern China and eastern
Australia, highlighting the global impact. A few individual grid cells, usually adjacent to
masked areas and nearly invisible in Figure 6a, show some degradation, which is probably
caused by minor shortcomings in the QC of the ASCAT SM observations. The reduction in
the ASCAT SM OmF standard deviation shows a similar overall pattern for MLT DA
(Figure 6¢), albeit with a somewhat lesser magnitude and with a few regions that exhibit a

slight increase in the OmF magnitude (global average improvement of -18.8%).

As expected, the assimilation of SMAP Tb observations improved the SMAP Tb OmF
standard deviation, with a global average of -14.0% for SMP_DA (Figure 6d) and -13.6% for
MLT DA (Figure 6f). Both experiments show very similar spatial patterns of improvement.
Across the globe, locations where SMAP observations are assimilated generally show some
improvement, with the largest differences in central North America, along the southern shore
of Hudson Bay, Argentina, western Europe, Kazakhstan, central Russia, and along the river

plains of northern India.

There is a modest but nearly universal reduction (-4.9% on average) in the magnitude of
the SMAP Tb OmF residuals when only ASCAT SM is assimilated in ASC DA (Figure 6b).
That is, assimilating ASCAT SM adjusts model forecasts of soil moisture such that the
simulated Tb is closer to the (passive) SMAP Tb observations. The impact of assimilating
only SMAP Tb on forecasts of ASCAT SM is slightly beneficial overall, with a global
average of -1.5% (Figure 6¢). But the slight average improvement is the result of a balance
between modest improvements across large areas and more marked degradation in smaller
pockets across central North America, southeastern Australia, northern Africa, and the
Middle East. Interestingly, some of the areas with the most marked degradation of the
ASCAT SM OmF standard deviation in SMP_DA match those with the biggest
improvements from the assimilation of only ASCAT SM in ASC DA. That is, discrepancies
between ASCAT SM and SMAP Tb observations lead to contrasting updates in ASC_DA
and SMP_DA, respectively, thereby degrading model forecasts in SMP_DA relative to the
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(passive) ASCAT SM observations. In the MLT DA experiment, there is a slight degradation
in the ASCAT SM OmF standard deviation in some of the same areas, especially across the
hot deserts of the Middle East and southeastern Australia (Figure 6¢). Nevertheless, as
mentioned above, the joint assimilation of both observation types in MLT DA still results in

significant reductions in the magnitude of the ASCAT SM OmF residuals (Figure 6e).

a) MLT DA - ASC_DA: Relative A StdDev of ASCAT SM OmF

. Mean = 0.7+4.2 % ;

-60 -30 0 30 60
(%)

Figure 7. Relative difference (percent) in the time series standard deviation (a) of ASCAT
SM OmF residuals between MLT DA and ASC DA and (b) of SMAP Th OmF residuals
between MLT DA and SMP DA. Relative difference is calculated with respect to (a) the
ASC DA value and (b) the SMP DA value. Red shading means that the assimilation results
in degraded model background forecasts. Metric computed for 1 April 2015 to 31 March
2021. Numbers in the bottom of each map indicate the spatial mean + standard deviation.
Grey shading indicates insufficient number of observations to calculate statistics.

33
File generated with AMS Word template 2.0



859

860
861
862
863
864
865
866
867
868
869
870
871
872
873
874
875
876
877
878

879
880
881
882
883
884
885
886
887
888
889
890

Figure 7 again shows the relative change (in percent) in the time series standard deviation
of the OmF residuals, but instead of comparing with CNTL as in Figure 6, the difference is
now between MLT DA and the single-sensor assimilation experiments. The figure highlights
that MLT DA has larger OmF residuals than do the corresponding single-sensor
experiments, in agreement with the results of Figures 5 and 6. In the global average, the
ASCAT SM OmF standard deviation increases by 7.1% in MLT DA relative to ASC_DA
(Figure 7a), while the SMAP Tb OmF standard deviation increases by only 0.7% in
MLT DA relative to SMP_DA (Figure 7b). Since MLT DA assimilates approximately
double the number of observations than does ASC_DA, a small increase in the variability of
the OmF residuals can be expected. But increases in excess of 30% are seen for the
magnitude of the ASCAT SM OmF residuals in central North America, the Middle East, and
southeastern Australia (Figure 7a). In these locations, the soil moisture information from the
ASCAT SM and SMAP Tb observations is presumably in poor agreement, and competing
updates from each observation type results in larger misfits between the ASCAT SM
observations and the corresponding model background forecasts. The slightly larger OmF
residuals in MLT DA compared to ASC DA and SMP_DA suggest the need for error
parameterization strategies that account for regional differences in observation reliability and
consistency to ensure that jointly assimilating multiple data sources does not inadvertently

degrade the forecast skill.

In contrast, additionally assimilating ASCAT SM in MLT DA has a more neutral impact
on the magnitude of the SMAP Tb OmF residuals relative to the SMP_DA single-sensor
experiment (Figure 7b). This is consistent with what is seen for the passive observations in
the single-sensor assimilation experiments; when SMAP Tb observations are assimilated in
SMP_ DA, the magnitude of the ASCAT SM OmF residuals increased considerably in many
areas, even though the overall impact is neutral (Figure 6¢). Conversely, assimilating ASCAT
SM in ASC DA caused a modest decrease in the magnitude of the SMAP Tb OmF residuals
(Figure 6b). The relatively smaller observation error of SMAP Tb compared to that of
ASCAT SM (section 3.1) leads to contrasting magnitudes in the associated increments
(section 4.3.3), which may partially explain the relatively larger impact on ASCAT SM OmF
residuals in SMP_ DA compared to the more modest impact on SMAP Tb OmF residuals in
ASC DA.
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4.3.3 ANALYSIS INCREMENTS

The EnKF uses the OmF residuals to calculate analysis increments for the CLSM
prognostic variables srfexc and rzexc (and catdef for peatland grid cells; section 3.1) that are
then applied to the corresponding model prognostic variables. Increments in (volumetric)
surface and root-zone soil moisture can be diagnosed by differencing the corresponding
analysis and forecast soil moisture values. Given the spatially distributed approach to
filtering, an analysis increment computed for a given grid cell is typically influenced by
several observations within the localization radius. Consequently, analysis increments are
also computed for grid cells that are not directly observed; this is accomplished by combining
the non-local observational information with information from the horizontal error
correlations. Therefore, the global pattern of the number of analysis increments should
resemble that of the number of assimilated observations after some spatial interpolation and

extrapolation.

The global distribution of the number of increments per day in each of the assimilation
experiments is shown in Figure 8, indicating how often the simulated soil moisture is updated
at a given location in response to ASCAT or SMAP observations. For the assimilation of
ASCAT SM observations, Figure 8a shows how increments extend well into areas where
ASCAT SM observations are masked for QC reasons (Figure 4a), for example around
tropical rainforest areas in Amazonia and the Congo, the mountainous regions of Asia and
western North America, and the Sahara Desert. In the global average, the number of
increments per day for ASC_DA is 1.21, approximately 25% more than the average number

of assimilated ASCAT SM observations (mean = 0.97 d1).

The number of analysis increments for SMP_DA (mean = 0.69 d'!; Figure 8b) seems
surprising low relative to the number of assimilated SMAP Tb observations (mean = 1.35 d°!;
Figure 4b), but there is a simple explanation. H- and V-polarization Tb observations are
counted as separate observations in Figure 4, but for a given location and overpass time, they
are almost always available simultaneously and assimilating a V-polarization Tb observation
at the same time and location where there is already an H-polarization Tb observation does
not result in an additional analysis increment. Counting each pair of H- and V-polarization
Tbs as a single observation, the global average number of assimilated SMAP Tb observations
drops to 0.67 per day. Therefore, the number of analysis increments in SMP_DA corresponds

very closely with the number of assimilated Tb observations, and the relative difference
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between the number of increments and assimilated observations is much smaller than for the

assimilation of ASCAT SM.

Finally, the total number of assimilated observations for MLT DA is given by the sum of
the assimilated ASCAT SM (Figure 4a) and the assimilated SMAP Tb (Figure 4b). (These
numbers are nearly identical for the respective single-sensor assimilation experiments
because the model-based QC of the observations differs only slightly between the single- and
multi-sensor assimilation experiment; not shown.) Counting again only the number of pairs
of H- and V-polarization Tb observations yields a global average of 1.64 assimilated
observations per day in MLT DA, compared to a global average of 1.78 increments per day
(Figure 8c). As discussed above, ASCAT SM and SMAP Tb observations are assimilated
simultaneously for only 1.6% of the total number of assimilated observations (section 4.3.1).
Yet the number of increments per day in MLT DA (mean=1.78 d-!) is ~10% less than the
sum of the number of increments per day from ASC DA and SMP_DA. This can be
explained because the spatial interpolation and extrapolation associated with the computation
of the analysis increments in MLT DA is less efficient than in the single-sensor assimilation

experiments, owing to the larger number of assimilated observations in MLT DA.
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Figure 8. Average number of surface soil moisture analysis increments per day during
the 6-year experiment period for (a) ASC DA, (b) SMP DA and (c) MLT DA. Numbers in
the bottom of each map indicate the spatial mean #+ standard deviation.
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Figure 9. Time series standard deviation of analysis increments for (a,c,e) surface soil
moisture and (b,d,f) root-zone soil moisture from (a,b) ASC DA, (c,d) SMP_DA, and (e,f)
MLT DA. Metric computed for 1 April 2015 to 31 March 2021. Numbers in the bottom of
each map indicate the spatial mean # standard deviation. Grey shading indicates insufficient
number of observations to calculate statistics.

Figure 9 shows the time series standard deviation (or typical magnitude) of the surface
and root-zone soil moisture analysis increments from each assimilation experiment. For all
experiments, the analysis increments are largest in central North America, Argentina, the
Sahel, mid-latitude Eurasia, India, and much of Australia. The largest increments are
generally found where the magnitude of the OmF residuals is reduced the most by the
assimilation (that is, relative to CNTL; Figure 6). However, none of the experiments have
large increments in the high latitudes, despite the reduction in the magnitude of the OmF
residuals there. The average magnitude of the increments differs greatly across the
experiments. For the surface soil moisture increments, the global average magnitude is
0.0111 m® m™ for SMP_DA, which is double the 0.0051 m® m™ value for ASC_DA.

Similarly, for root-zone soil moisture increments the global average is 0.0013 m?* m~ for
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SMP_DA and 0.0006 m®> m for ASC_DA. That is, while there are only about half as many
analysis increments in SMP_ DA than in ASC DA (Figure 8a, b), the magnitude of the
increments in SMP_DA is typically double that in ASC_DA. As expected, the typical
magnitude of the analysis increments in MLT_ DA is 0.0080 m?* m™ for surface soil moisture
and 0.0009 m* m~ for root-zone soil moisture, which falls between those of ASC_DA and
SMP_DA. This difference in the magnitude of the increments between the observation types
is most likely explained by the relatively smaller observation error ascribed to the SMAP Tb
observations, and thus the larger adjustment of modeled soil moisture towards the
observations. Surface soil moisture increments are roughly an order of magnitude larger than
root-zone soil moisture increments because the srfexc prognostic variable has much stronger
error correlations with the assimilated surface soil moisture and brightness temperature than

does the rzexc prognostic variable.

5. Summary and Conclusion

This paper describes how we added the capability to assimilate ASCAT SM observations
to GEOS LDAS, a well validated data assimilation system that assimilates SMAP Tb
observations operationally to generate the L4 SM soil moisture assimilation product. We
document our approach to ASCAT SM observation QC and bias correction, and we briefly
describe the system setup and our validation methodologies. The latter include comparisons
to in-situ soil moisture measurements and independent satellite observations as well as the
examination of a suite of data assimilation diagnostics. We conducted a series of simulation
and assimilation experiments to investigate the impact of assimilating ASCAT SM and
SMAP Tb observations on global soil moisture estimates. Relative to a model-only CLSM
simulation without satellite data assimilation, we assess the effect of assimilating only
ASCAT SM observations, assimilating only SMAP Tb observations, and jointly assimilating

both observation types.

Our results show that assimilating ASCAT SM observations universally improves soil
moisture estimates over those of the model-only CLSM simulation. In-situ measurements
confirmed this to be true for both surface and root-zone soil moisture (Figure 2), and
comparison with SMAP Level 3 soil moisture observations using the IV approach indicated a

widespread global distribution for these improvements (Figure 3). We further found that
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assimilating only SMAP Tb observations yielded noticeably better improvements in soil
moisture estimates (using ASCAT SM observations in the IV approach). Jointly assimilating
both observation types gave results very similar to assimilating SMAP Tb observations alone.
These results support our expectation that the SMAP Tb observations provide more accurate
information about surface soil moisture conditions, which has been documented in several
previous studies. Despite the known limitations of the ASCAT SM observations, they
nevertheless provide valuable information that enables our data assimilation system to

improve soil moisture estimates.

A close examination of a suite of data assimilation diagnostics allowed us to investigate
how the system responds to the assimilation of the different observation types. The average
number of observations assimilated was similar for ASCAT SM and SMAP Tb (Figure 4),
even though up to three ASCAT sensors were in orbit during our experiment period
compared to just one SMAP satellite. This is readily explained by the necessarily stricter QC
applied to the ASCAT SM observations and the separate counting of H- and V-polarization
SMAP Tb observations. Neither observation type offered good coverage over mountainous
regions. Although both sensors are in polar orbits, the number of assimilated observations in
the high latitudes was limited, owing to the short summer season of unfrozen soils there. The
number of assimilation windows that simultaneously contain both observation types at a
given location is greatest in the high latitudes, owing to the sensors’ polar orbits. Such
simultaneous assimilation of ASCAT SM and SMAP Tb observations happens relatively
rarely outside of the high latitudes.

Over the 6-year experiment period, the mean of the ASCAT SM and SMAP Tb OmF
residuals was found to be close to zero, indicating that our bias correction approach (section
3.2) worked well and that the assimilation does not adversely impact the model’s water
balance over the long term. We used the magnitude of the times series standard deviation of
the OmF residuals as an indicator of the typical magnitude of the OmF residuals and
quantified its reduction as a measure of the effectiveness of the assimilation. As expected, we
found the largest reductions in OmF residuals specific to the observation type being
assimilated. More interestingly, we found that assimilating ASCAT SM observations alone
reduced the magnitude of SMAP Tb OmF residuals globally (Figures 5 and 6), implying
some agreement between the ASCAT SM and SMAP Tb observations. This result was

corroborated with the IV validation. The assimilation of only SMAP Tb observations had a
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more neutral impact on the verification of the soil moisture estimates against the passive (i.e.,

not assimilated) ASCAT Tb observations.

We found that the assimilation of both types of observations in the multi-sensor
assimilation experiment had an overall similar impact on the OmF residuals as that of the
corresponding single-sensor assimilation experiment, albeit with somewhat larger OmF
residuals in the multi-sensor assimilation experiment than in the corresponding single-sensor
experiments (Figure 7). This suggests that the information from ASCAT SM and SMAP Tb
observations does not always agree, and that competing analysis increments from the two

observation types can result in larger misfits between the observations and the forecasts.

Moreover, we found that both observation types tend to result in the largest adjustments
of the modeled soil moisture in similar places (where OmF residuals are also the largest). The
increments resulting from assimilating SMAP Tb observations tend to be larger but occur less
frequently than those from assimilating ASCAT SM observations, owing to the greater
number of assimilated ASCAT SM observations (when counting H- and V-polarization
observations in pairs) and their relatively larger assigned observation error standard deviation

(Figures 4, 8 and 9).

In agreement with expectation, all validation approaches suggest that assimilating
ASCAT SM observations improves soil moisture analysis estimates, though to a lesser extent
than does SMAP Tb assimilation. Nevertheless, adding ASCAT SM to GEOS LDAS is
clearly beneficial, with broader implications for future operational forecasting systems and

global reanalysis datasets.

Our results indicate that assimilating soil moisture observations from multiple sensors
enhances the robustness of an LDAS, ensuring that useful observational constraints remain
even when one dataset is unavailable or has higher uncertainties. Here, we demonstrate that
assimilating ASCAT SM alone is still superior to a model-only CLSM simulation, allowing
the system to "fall back" on available observations. Furthermore, ASCAT SM records extend
back to May 2007, providing nearly eight additional years of historical soil moisture
information for reanalysis before the advent of SMAP Tb observations in 2015. Incorporating
multiple soil moisture observations into an LDAS enables long-term consistency in soil
moisture estimates for both the surface and root zone, a critical factor for climate monitoring
and hydrological applications that depend on reliable estimates of long-term soil moisture
variability.

41

File generated with AMS Word template 2.0



1056
1057
1058
1059
1060
1061
1062
1063

1064
1065
1066
1067
1068
1069
1070
1071
1072

1073
1074
1075
1076
1077
1078
1079

1080
1081
1082
1083
1084

1085

1086

Our analysis of the OmF residuals highlights that integrating multiple soil moisture
datasets requires careful handling of systematic differences in the observations and the model
estimates. Differences in error characteristics, retrieval algorithms, and spatiotemporal
sampling may introduce competing updates. This was seen in the multi-sensor experiment,
where the typical magnitude of the ASCAT SM OmF residuals increased relative to that of
the single-sensor experiments. While this effect did not significantly degrade the overall
analysis, it underscores the potential for conflicting information from different sensors,

leading to competing analysis increments.

To mitigate such effects, next steps would be to develop techniques that incorporate
region-specific observation error and/or dynamically adjust the influence of observations
based on land surface conditions and seasonality. Another approach to improve uncertainty
quantification may be the direct assimilation of ASCAT radar backscatter (Lievens et al.
2017). However, this requires a fast and accurate observation operator for radar backscatter,
which remains challenging over heterogeneous surfaces. Future advancements in machine
learning-based observation operators could help bridge this gap, enabling more effective
assimilation of ASCAT backscatter and further improving soil moisture estimates (Aires et

al., 2021).

Looking ahead, it will be important to incorporate ASCAT SM observations, along with
additional satellite observations of soil moisture or L-band Tb (such as from SMOS), into the
GEOS weakly-coupled land-atmosphere data assimilation system, which will allow us to
assess the impact of the additional land surface observations on the skill of medium-range
weather forecasts. The spatial and temporal patterns of multi-sensor soil moisture increments
may have an impact on weather forecasts that is different from that resulting from the overall

increase in the soil moisture estimation skill documented here.

There is a long and growing list of land surface observations that can potentially be used
to produce land surface reanalyses for a variety of purposes (Baatz et al., 2021; De Lannoy et
al., 2022; Kumar et al., 2022). The approach and results documented here provide an outline
for how to extend a state-of-the-science LDAS to include additional and complementary

types of observations and thoroughly evaluate their impact.
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