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ABSTRACT 12 

Soil moisture (SM) observations from the Advanced Scatterometer (ASCAT) satellite 13 

radar (5.3 GHz) and brightness temperature (Tb) observations from the Soil Moisture Active 14 

Passive (SMAP) satellite radiometer (1.4 GHz) are assimilated in the NASA Goddard Earth 15 

Observing System (GEOS) land data assimilation system, both separately and together 16 

(jointly) from April 2015 to March 2021. The resulting SM estimates are validated using in-17 

situ measurements, independent satellite observations, and data assimilation diagnostics. 18 

Assimilating only ASCAT SM (ASC_DA) universally improves the SM analysis estimates 19 

relative to a model-only control simulation (CNTL). For example, the anomaly time series 20 

correlation coefficient (anomR) vs. in-situ surface SM increases from 0.55 for CNTL to 0.58 21 

for ASC_DA, and the misfit between SMAP Tb observations (not assimilated) and 22 

corresponding (3-hour) background forecasts decreases by 4.9%. Assimilating only SMAP 23 

Tb (SMP_DA) yields greater improvements in SM analysis estimates than does ASC_DA. 24 

For example, anomR vs. in-situ surface SM increases to 0.68, although the misfit between 25 

ASCAT SM observations (not assimilated) and corresponding (3-hour) background forecasts 26 

decreases by only 1.5%. Jointly assimilating multi-sensor (ASCAT and SMAP) observations 27 

(MLT_DA) yields overall SM estimation skill similar to that of SMP_DA. Data assimilation 28 

diagnostics suggest that MLT_DA background forecasts are generally improved vs. those of 29 

CNTL, but by less than seen in SMP_DA, implying that information from the ASCAT and 30 

SMAP observations does not always agree. However, since ASC_DA clearly improves SM 31 

estimates, multi-sensor assimilation is nevertheless beneficial by increasing system 32 

robustness and extending the period when SM observations are available for assimilation. 33 

 34 

SIGNIFICANCE STATEMENT 35 

Knowledge of soil moisture—past, present, and future—is crucial for various scientific 36 

research areas and practical applications, such as land-atmosphere interactions, drought 37 

monitoring, streamflow forecasting, plant productivity, and numerical weather prediction. 38 

The best soil moisture estimates are likely obtained by merging data from multiple satellite 39 

sensors into numerical land surface models, especially when these sensors provide 40 

measurements from different times and locations and use complementary remote sensing 41 

techniques. Multiple validation approaches revealed that integrating ASCAT soil wetness 42 

observations enhances soil moisture estimates beyond model-only simulations, and using 43 
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SMAP brightness temperature further improves these estimates. However, combining both 44 

ASCAT and SMAP observations does not yield better results than using SMAP alone. 45 

Nevertheless, since using ASCAT clearly improves soil moisture estimates, an approach that 46 

uses both types of observations is beneficial, as it increases system robustness and extends 47 

the period over which observations are available to improve model estimates. 48 

 49 

1. Introduction 50 

Soil moisture is an essential climate variable (Bojinski et al., 2014; Seneviratne et al., 51 

2010). It links the global water, energy and carbon cycles and influences many land surface 52 

processes such as runoff and infiltration, the energy partitioning between the latent and 53 

sensible heat fluxes, and the transpiration and photosynthesis of plants. Knowledge of past, 54 

current, and future soil moisture conditions informs numerous topics of scientific research 55 

and applications, including land-atmosphere interactions, drought monitoring, streamflow, 56 

biogeochemistry, and numerical weather prediction (Balsamo et al., 2018; Carrera et al., 57 

2019; Crow et al., 2022; De Lannoy et al., 2022; Dong et al., 2022; Guo et al., 2012; 58 

Humphrey et al., 2021; Koster et al., 2004, 2016; Reichle et al., 2023b; Santanello et al., 59 

2018; Zhou et al., 2021).  60 

Soil moisture conditions can be inferred from in-situ measurements, remote sensing 61 

observations from spaceborne radars and radiometers, or land surface models. In-situ 62 

measurements are the most accurate (Kumar et al., 2018) but have very limited spatial 63 

coverage. Satellite soil moisture observations provide near-global coverage, but with 64 

incomplete temporal coverage due to long revisit times. Satellite observations are also limited 65 

to directly sensing only shallow, near-surface soil conditions and rely on complex retrieval 66 

algorithms that can result in potentially large uncertainties (Gruber et al., 2020). Land model 67 

estimates of soil moisture are spatially and temporally complete but can contain large 68 

uncertainties stemming from errors in land model parameterizations or meteorological 69 

forcing inputs. Land data assimilation systems can be used to combine the valuable 70 

information from remote sensing observations when and where they are available with the 71 

process knowledge encoded in land models. The analysis produced by the assimilation thus 72 

encapsulates the combined information from the model and the observations and has 73 

complete temporal and spatial coverage, including soil moisture estimates through the full 74 
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depth of the soil profile (Reichle, 2008). The best estimates of soil moisture will likely be 75 

achieved if observations from multiple satellite sensors are assimilated together (jointly), 76 

especially if they have different spatial and temporal support and are based on 77 

complementary measurement principles (Draper et al., 2012; Lievens et al., 2017; Seo et al., 78 

2021).   79 

Several satellite sensors have been used to retrieve surface soil moisture estimates based 80 

on measuring soil dielectric properties. These include the Advanced Microwave Scanning 81 

Radiometer for the Earth Observing System (AMSR-E) and its successor, AMSR2, with 82 

channels operating at 6.9 GHz and 10.7 GHz (Njoku et al., 2003; Owe et al., 2008; Parinussa 83 

et al., 2015) and the radiometer onboard the Tropical Rainfall Measuring Mission (TRMM; 84 

Gao et al., 2006) operating at 10.65 GHz. The Advanced Scatterometer (ASCAT; Bartalis et 85 

al., 2007; Wagner et al., 2013) measures radar backscatter at 5.3 GHz. These sensors, 86 

however, were not primarily designed for observing soil moisture, and their microwave 87 

frequencies have a limited soil sensing depth of approximately 1-2 cm. The Soil Moisture and 88 

Ocean Salinity (SMOS; Kerr et al., 2010) mission and the Soil Moisture Active Passive 89 

(SMAP; Entekhabi et al., 2010a) mission were specifically designed to measure soil 90 

moisture; they operate at L-band (1.4 GHz) and have a somewhat greater soil sensing depth 91 

of ~5 cm.  92 

Data assimilation systems that use satellite soil moisture observations typically employ 93 

simplified or ensemble filtering methods in their land analysis. Both the European Center for 94 

Medium-Range Weather Forecasting and the United Kingdom Met Office assimilate ASCAT 95 

soil moisture observations using a simplified extended Kalman filter in their operational 96 

global weather analysis and prediction systems (De Rosnay et al., 2013; Gómez et al., 2020). 97 

Within the NASA Goddard Earth Observing System (GEOS) modeling and assimilation 98 

framework, a weakly-coupled data assimilation system for land analysis has recently been 99 

developed (Reichle et al., 2021b). The system uses an ensemble Kalman filter (EnKF) to 100 

assimilate SMAP brightness temperature (Tb) observations, which was found to improve 101 

forecasts of 2 m air temperature and humidity at lead times out to 5 days (Reichle et al., 102 

2023b).  103 

The GEOS land data assimilation system (LDAS; Reichle et al., 2002, 2008) is built 104 

around the NASA Catchment Land Surface Model (CLSM; Koster et al., 2000). In its offline 105 

(land-only) configuration (i.e., without feedback to the atmosphere), GEOS LDAS has been 106 
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used to assimilate a variety of land surface observations, including SMAP Tb (Reichle et al., 107 

2017b), SMOS Tb (De Lannoy & Reichle, 2016a), land surface temperature (Reichle et al., 108 

2010), and terrestrial water storage (Girotto et al., 2016). Other offline systems that assimilate 109 

satellite soil moisture observations include the NASA Land Information System (Kumar et 110 

al., 2008), the Canadian Land Data Assimilation System (Carrera et al., 2015) and the 111 

Community Land Model-Data Assimilation Research Testbed (Zhao et al., 2016).  112 

GEOS LDAS is used to generate the operational SMAP Level 4 Soil Moisture (L4_SM) 113 

product, which provides global, 9 km resolution, 3 hourly surface (0 – 5 cm) and root-zone (0 114 

– 100 cm) soil moisture with a mean latency of 2.5 days (Reichle et al., 2019). The L4_SM 115 

product has been thoroughly validated by its algorithm development team and independent 116 

researchers (e.g. Beck et al., 2021; Colliander et al., 2022; Ford & Quiring, 2019; Pablos et 117 

al., 2018; Qiu et al., 2021; Reichle et al., 2017a; Reichle et al., 2017b; Reichle et al., 2023a; 118 

Stillman & Zeng, 2018) and was found to be suitable for use in a wide variety of research and 119 

applications.   120 

In the present paper, we examine the separate and joint assimilation of ASCAT soil 121 

moisture and SMAP Tb observations in a system that is largely equivalent to the operational 122 

L4_SM algorithm. Previous studies have jointly assimilated observations from multiple 123 

sensors to produce a soil moisture analysis. Using an early version of GEOS LDAS, Draper 124 

et al., (2012) found that separately assimilating AMSR-E and ASCAT soil moisture 125 

observations gave similar skill improvements, while assimilating them jointly  resulted in 126 

overall better soil moisture estimates. Moreover, Lievens et al., (2017) examined the 127 

assimilation of SMAP Tb and Sentinel-1 synthetic aperture radar backscatter observations; 128 

they found that in single-sensor experiments the assimilation of SMAP observations 129 

consistently improved estimates of surface and root-zone soil moisture, while the assimilation 130 

of Sentinel-1 observations improved only surface soil moisture. The joint assimilation of both 131 

types of observations performed best, demonstrating the complementary value of radar and 132 

radiometer observations. Finally, Seo et al., (2021) assimilated SMAP and/or ASCAT soil 133 

moisture observations into the Joint UK Land Environment Simulator land model across the 134 

continental United States. They found that the single-sensor SMAP experiment resulted in the 135 

best soil moisture estimates; the average anomaly correlation skill of surface soil moisture 136 

increased by 0.05 relative to that of the model-only simulation, while only increasing by 0.01 137 

for the ASCAT experiment. The joint assimilation of soil moisture observations from both 138 
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sensors resulted in a skill increase of 0.04, which is comparable to that of the SMAP-only 139 

experiment, suggesting that assimilating additional observations of lower quality may have 140 

little impact.  141 

As noted above, assimilating SMAP Tb has been found to produce generally better soil 142 

moisture estimates than assimilating other observations. Nevertheless, extending the GEOS 143 

LDAS to additionally assimilate ASCAT soil moisture observations offers potential benefits. 144 

First, the ASCAT record extends back to May 2007, which is nearly 8 years earlier than 145 

SMAP, thereby greatly extending the period over which soil moisture observations are 146 

available for use in future weather and climate reanalysis efforts. Second, ASCAT’s key role 147 

in weather analysis and forecasting means that observations are routinely available in near-148 

real time and should remain available at least into the 2040s. That is, adding ASCAT 149 

observations to a data assimilation system that assimilates SMAP observations will enhance 150 

the robustness of the system, should SMAP become unavailable, if only temporarily, for any 151 

reason.  152 

To assess whether these potential benefits can be realized, our study carefully assesses the 153 

impact of jointly assimilating ASCAT and SMAP versus assimilating them separately. We 154 

employ multiple validation techniques to determine whether the information from the two 155 

different types of observations provides complementary, redundant, or potentially 156 

contradictory information. We also examine how the number of observations, the 157 

effectiveness of bias correction, and observational uncertainty interact to influence the quality 158 

of the land surface analysis. In doing so, our study directly addresses key challenges in land 159 

data assimilation, including targeted DA, which determines which observations provide the 160 

most skill improvement, and multi-sensor DA, which aims to assess whether assimilating 161 

different observation types enhances or degrades analysis accuracy (De Lannoy et al., 2022). 162 

By rigorously analyzing observation impacts, our study represents a step toward developing a 163 

comprehensive land surface reanalysis system that assimilates multiple observation types for 164 

improved long-term quality and consistency of future GEOS reanalysis products and 165 

predictive capabilities of the GEOS global weather analysis and forecasting system. 166 

The paper is organized as follows: CLSM and the radiative transfer model used to 167 

simulate soil moisture and brightness temperature, respectively, along with the ASCAT, 168 

SMAP and in-situ observations are described in section 2. The data assimilation system and 169 
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our validation approach are outlined in section 3. Results are presented and discussed in 170 

section 4. Finally, section 5 provides a summary and suggestions for future work.  171 

 172 

2. Model and Data 173 

2.1 Catchment land surface model  174 

CLSM simulates the vertical profile of soil moisture in each of its computational units 175 

(Koster et al., 2000). The vertical soil moisture profile is determined by the equilibrium 176 

profile, which balances gravity and capillary forces from the surface to the (time-varying) 177 

water table, and by deviations from this equilibrium profile in the 0-100 cm “root-zone” layer 178 

and the 0-5 cm surface layer. The model prognostic variables for soil moisture are the 179 

“catchment deficit” (catdef), “root-zone excess” (rzexc), and “surface excess” (srfexc), from 180 

which the volumetric root-zone soil moisture content (0–100 cm) and surface soil moisture 181 

content (0–5 cm) are diagnosed, along with the fractions of the saturated, unsaturated, and 182 

wilting areas within each computational unit. In the absence of snow cover, the surface 183 

temperature is determined by the area-weighted average of the surface temperatures in the 184 

saturated (tc1), unsaturated (tc2), and wilting (tc4) areas. Finally, the soil temperature in the 185 

uppermost layer (tp1) of the ground heat diffusion module is diagnosed from the model 186 

prognostic ground heat content (ght1).  187 

A microwave radiative transfer model coupled to CLSM provides estimates of L-band 188 

brightness temperature from the simulated surface soil moisture and soil temperature. In this 189 

study, we use a zero-order “tau-omega” model (De Lannoy et al., 2014; De Lannoy et al., 190 

2013).  The tau-omega model parameterizations and parameters match those of the L4_SM 191 

Version 7 product (Reichle et al. 2023a), except that we use the refractive mixing dielectric 192 

model for the soil of Mironov et al. (2004) and applied minor changes to the rough surface 193 

reflectivity calculation (including polarization mixing) to match the tau-omega model 194 

configuration of the SMAP radiometer soil moisture retrieval algorithm. The updated model 195 

resulted in better performance during ongoing algorithm development (not shown) and will 196 

be incorporated in the forthcoming Version 8 of the L4_SM product.  197 

2.2 ASCAT soil moisture observations 198 
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Soil wetness retrievals derived from C-Band (5.3 GHz) radar backscatter measurements 199 

are available from the ASCAT sensors onboard the Meteorological Operational (METOP) 200 

series of satellites (Bartalis et al., 2007, 2008; Wagner et al., 2013). Specifically, we 201 

assimilate data from METOP-A (May 2007 – November 2021), METOP-B (September 2012 202 

- present) and METOP-C (November 2018 - present) on a swath-based 25 km grid, which are 203 

available in BUFR format in near-real time from the European Organisation for the 204 

Exploitation of Meteorological Satellites (http://h-saf.eumetsat.int) (Collection ID 205 

EO:EUM:DAT:METOP:SOMO25). Relative wetness (or surface degree of saturation) in the 206 

upper 0-2 cm soil layer is retrieved by applying a change detection algorithm (Naeimi et al., 207 

2009; Wagner et al., 1999) to the ASCAT backscatter time series. The soil wetness retrievals 208 

range between 0% and 100% in relative saturation units, with the 0% and 100% values 209 

representing the driest and wettest observations at each location, respectively. The bias 210 

correction applied to the ASCAT observations (section 3.2) implicitly converts their native 211 

relative wetness units into volumetric soil moisture units (m3 m-3); hereinafter, we use the 212 

term “ASCAT SM” when referring to the ASCAT observations after the bias correction has 213 

been applied. The bias correction further ensures that the assimilated ASCAT SM 214 

observations remain bounded (section 3.2). Being bounded, ASCAT SM observations cannot 215 

be strictly Gaussian. Nonetheless, past work suggests that the EnKF is adequate for soil 216 

moisture data assimilation despite such non-Gaussianity (Dibia et al., 2023).  217 

Prior to bias correction and assimilation, ASCAT soil wetness retrievals with adverse 218 

quality control (QC) flags are removed. Specifically, we remove soil wetness retrievals when 219 

any bit in the “processing flag” is set, when any bit in the “correction flag” is set (with the 220 

exception of bit 3, which indicates that a correction of wet backscatter was applied; Bartalis 221 

et al., 2008), when the “land fraction” is less than 90%, or when the “topographic 222 

complexity” or “inundation fraction” are greater than 10%. In addition to using the QC flags 223 

available for each observation, we also apply a fixed spatial mask to remove retrievals 224 

potentially impacted by subsurface scattering, as recommended by the ASCAT product 225 

developers (Wagner et al., 2024). Finally, retrievals are also excluded when and where 226 

CLSM indicates frozen or snow-covered ground.  227 

A differently packaged ASCAT soil wetness retrieval product is used for validation (see 228 

section 3.4.2). Specifically, we used the inter-satellite calibrated surface soil moisture climate 229 

data record (CDR) version 7 (H SAF, 2021a) and its version 7 extension (H SAF, 2021b). 230 
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This product provides SM time series for individual grid cells, which is more convenient for 231 

validation purposes. The QC for the ASCAT CDR followed the procedures outlined in 232 

(Reichle et al., 2021a). Specifically, we included only retrievals with a favorable surface state 233 

flag (SSF=1) and a favorable confidence flag (CONF_FLAG=0). Additional QC measures 234 

were applied based on the consistency between the satellite and model estimates (see section 235 

3.4.2 for details). 236 

2.3 SMAP brightness temperature and soil moisture observations 237 

The SMAP satellite is equipped with an L-band radiometer that is highly sensitive to 238 

water in the surface (0-5 cm) soil layer and the vegetation (Entekhabi et al., 2010a; Jackson & 239 

Schmugge, 1991; Schmugge et al., 1974). SMAP collects observations of horizontal (H) and 240 

vertical (V) polarization brightness temperatures (Tb) from a sun-synchronous, near-circular, 241 

polar orbit with equator crossings at 6 AM and 6 PM local time and a revisit time of 2-3 days. 242 

Here we assimilate forward- and aft-looking SMAP Level 1C Tb observations (Chan et al., 243 

2023) in both H- and V-polarization and from both the AM and PM overpasses. The 244 

observations are provided on the 36-km resolution Equal-Area Scalable Earth version 2 245 

(EASEv2) grid (Brodzik et al., 2012). A SMAP Tb observation was assimilated only if the 246 

corresponding bit flag for its overall quality (cell_tb_qual_flag_[h/v]_[fore/aft]) was not set.  247 

We also use SMAP surface soil moisture retrievals for validation when SMAP Tb 248 

observations were not assimilated (section 3.4.2). Specifically, we used retrievals from the 249 

SMAP Level 3 radiometer global daily 36-km EASE-grid soil moisture version 8 product 250 

(O’Neill et al., 2021). For quality control, we included only retrievals with a “retrieval 251 

succeeded” flag and good “tb quality” flags. Additionally, we excluded retrievals with the 252 

“surface flag” indicating “model frozen ground”, or “snow and ice”. Additional QC was 253 

applied for the validation based on the Instrumental Variable approach (see section 3.4.2 for 254 

details). Finally, we excluded SMAP Tb observations and SMAP soil moisture retrievals 255 

from the assimilation or validation when CLSM indicated that the soil was frozen or snow-256 

covered. 257 

2.4 In-situ soil moisture measurements  258 

Our primary in-situ soil moisture validation dataset is from the SMAP core validation 259 

sites (Colliander et al., 2017, 2022).  These data are particularly valuable because  each core 260 
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site has a locally dense network of sensors that ameliorates the typical upscaling errors when 261 

comparing in-situ measurements with model grid cell output (Crow et al., 2012).  262 

Across the network, the time-average number of individual surface soil moisture sensors 263 

within the 33-km validation grid cells (or “reference pixels”) ranges between 6.0 and 28.1, 264 

with a mean value of 13.4; the corresponding number of sensor profiles for root-zone soil 265 

moisture ranges between 8.9 and 22.8, with a mean value of 15.1 (Reichle et al., 2023a). 266 

Moreover, the core site measurements are fully independent of any calibration of CLSM. For 267 

calculating our validation statistics, we use surface (root-zone) measurements from 18 (8) 268 

different core sites situated in a wide variety of climate regimes and land cover classes (Table 269 

S1 in the Supplemental Material). The 6-year period from 1 April 2015, 0z to 1 April 2021, 270 

0z is used for the core site validation because more recent in-situ measurements are available 271 

for only a small minority of the sites. In-situ measurements are used for validation only when 272 

the model (or assimilation) estimates indicate non-frozen and snow-free conditions. For 273 

additional information about the in-situ measurements and validation approach, see Reichle et 274 

al. (2017a; their section 3).  275 

 276 

3. Assimilation System 277 

3.1 GEOS land data assimilation system 278 

GEOS LDAS couples CLSM with a spatially distributed ensemble Kalman filter (EnKF) 279 

that updates the model state based on comparison with relevant observations and accounts for 280 

the uncertainties in both the model and the observations. Here, we utilized the system’s 281 

established assimilation of SMAP Tb observations (section 2.3) and extended it to also 282 

assimilate ASCAT SM observations from ascending and descending orbits from METOP-A, 283 

-B and -C (section 2.2), either separately or jointly with the SMAP Tb observations.  284 

Like in the L4_SM algorithm, a 24-member ensemble is used to estimate model forecast 285 

uncertainty, with ensemble spread maintained by continuously perturbing select CLSM 286 

prognostic variables (catdef and srfexc) and meteorological forcings (precipitation, 287 

downward shortwave and longwave radiation). The perturbation parameters used here match 288 

those of (De Lannoy & Reichle, 2016b) (their Table 2) except that the spatial correlation 289 

scale for the perturbations of the model prognostic variables is set to 0.3 and the standard-290 

normal deviates generated for the multiplicative perturbations of the precipitation and 291 
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downward shortwave forcing are truncated at ±3. These changes make the perturbation 292 

parameters consistent with those of the L4_SM Version 7 product.  293 

We set the SMAP Tb observation error standard deviation to the constant 4 K value of the 294 

L4_SM algorithm, which includes an estimated 1.3 K instrument error standard deviation and 295 

3.8 K representativeness error standard deviation (i.e., error in the radiative transfer model 296 

and remapping associated with the observation operator) (Gruber & Reichle, 2022; Reichle et 297 

al., 2017a), which are added in quadrature. The ASCAT SM observation error standard 298 

deviation was set to 9% (in relative saturation units) using previous estimates established 299 

using the triple colocation technique (Dorigo et al., 2010). This is converted into volumetric 300 

soil moisture units during the bias correction step, based on location-specific soil properties 301 

used in CLSM (section 3.2). Based on the rule-of-thumb that a soil moisture change of 0.01 302 

m3m-3 corresponds to a Tb change of ~2-3 K (De Lannoy et al., 2019), and assuming a soil 303 

porosity of ~0.5 m3 m-3, the observation error assigned to ASCAT is at least twice as large (in 304 

comparable units) as that ascribed to SMAP. 305 

Every 3 hours (at 0000, 0300, ..., and 2100 UTC), the EnKF analysis uses the available 306 

ASCAT SM and/or SMAP Tb observations within the 3-hour window centered on the 307 

analysis time and produces increments (or correction terms) for the model prognostic 308 

variables associated with the surface and root-zone soil moisture and the surface and top-309 

layer soil temperature. In the case of ASCAT SM observations, the EnKF state vector 310 

includes srfexc and rzexc, and additionally catdef for grid cells modeled as peatlands. For 311 

SMAP Tb observations, the EnKF state vector includes srfexc and rzexc (and catdef in the 312 

case of peatlands) plus the model prognostic variables for surface temperature (tc1, tc2, and 313 

tc4) and the layer-1 ground heat content (ght1) (section 2.1). The latter EnKF state vector is 314 

also used when ASCAT SM and SMAP Tb observations impact a single model grid cell 315 

within the same 3-hour assimilation window.  316 

The magnitude of the analysis increments depends on the misfit between the observed 317 

and simulated surface soil moisture (ASCAT) and Tb values (SMAP), that is, the 318 

observation-minus-forecast (OmF) residuals (or “innovations”). It further depends on the 319 

ensemble-simulated error covariances between the simulated observation-space (soil moisture 320 

and Tb) diagnostics and the CLSM prognostics that make up the EnKF state vector. Error 321 

covariances between surface and root-zone soil moisture therefore allow updating the latter 322 

using observations that are primarily sensitive only to surface-layer conditions.  323 
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For both ASCAT SM and SMAP Tb, the OmF residuals used in the EnKF analysis are 324 

computed after first removing the seasonally varying ASCAT SM (or SMAP Tb) climatology 325 

from the observed values and the corresponding model forecast climatology from the model 326 

forecast values (De Lannoy & Reichle, 2016a; section 3.2). Therefore, only the observed 327 

anomalies from the climatological seasonal cycle are assimilated and, by design, the EnKF 328 

analysis does not correct for systematic errors, such as might be found in precipitation forcing 329 

(Reichle et al., 2023a). This is because the EnKF assumes unbiased errors; using the EnKF to 330 

correct for bias can result in misleading updates and unrealistic state estimates. Finally, the 331 

resulting analysis increments are added to the model forecast estimates of the EnKF state and, 332 

starting from the corrected model prognostic variables, the simulation continues for three 333 

hours until the next analysis time.   334 

The EnKF update is spatially distributed (or 3-dimensional) in the sense that at a given 36 335 

km grid cell, all observations within a radius of 1.25 impact the (surface and root-zone) 336 

analysis (De Lannoy & Reichle, 2016a; their section 3.1). The weight contributed by an OmF 337 

residual toward the soil moisture (or temperature) increments at a given 36 km grid cell is 338 

proportional to the ensemble-estimated forecast error correlations between the ASCAT SM or 339 

SMAP Tb observation at the observation location and the soil moisture (or temperature) at 340 

the location of the increment. Since this error correlation typically decays with increasing 341 

distance of the observation from the location of the increment, its sample-based estimate 342 

becomes relatively noisier with increasing distance. This is addressed through a distance-343 

based covariance localization approach with a compact support radius of 1.25 (De Lannoy & 344 

Reichle, 2016a; Gaspari & Cohn, 1999), which is the maximum distance over which an 345 

observation can have an impact. 346 
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 347 

Figure 1. Illustration of key stages in the soil moisture update in the joint assimilation of 348 

ASCAT soil moisture (SM) and SMAP brightness temperature (Tb) on 1 July 2020 at 03:00 349 

UTC. (a) ASCAT SM OmF; (b) SMAP Tb OmF for V-polarization; (c, d) increments in 350 

surface excess (srfexc) and root-zone excess (rzexc); (e, f) analysis of surface soil moisture 351 

content and root-zone soil moisture content. Grey shading indicates no-data values. 352 

 353 

Figure 1 illustrates the key stages in the soil moisture analysis outlined above for a single 354 

3-hour assimilation window centered on 03:00 UTC on 1 July 2020. Figure 1a-b shows 355 

swaths of footprint-scale OmF residuals for ASCAT SM and SMAP V-polarization Tb, 356 

respectively. (The corresponding map for H-polarization Tb OmF residuals looks very similar 357 

to that for V-polarization; not shown.) The EnKF transforms the OmF residuals into 358 

increments in srfexc (Figure 1c) and rzexc (Figure 1d). Positive Tb OmF values indicate that 359 

the Tb forecast is too cold, which implies that the soil moisture model forecast is too wet and 360 

results in negative (drying) soil water increments. Conversely, positive ASCAT SM OmF 361 
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values indicate that the model forecast is too dry, resulting in positive (wetting) soil water 362 

increments, and vice versa for OmF residuals with the opposite sign. The increments 363 

associated with ASCAT SM observations (e.g., across North America and eastern Siberia) 364 

are generally smaller than those associated with SMAP Tb observations (e.g., across eastern 365 

and southern Africa and central Asia) (Figure 1c-d), which is consistent with the 366 

aforementioned difference in the assigned ASCAT and SMAP observation error standard 367 

deviations. The increments are then added to the model forecast values to produce the 368 

analysis of surface (Figure 1e) and root-zone (Figure 1f) soil moisture, shown here in 369 

volumetric soil moisture units. The analysis estimates are spatially complete and differ from 370 

the corresponding forecasts where observations were assimilated (not shown). The 371 

corresponding analysis of the model prognostic excess and deficit variables is then used to 372 

initiate the next timestep of model integration. 373 

3.2 Bias correction  374 

Bias in modeled soil moisture and Tb is expected, owing to systematic errors in land 375 

model parameterizations, parameters, and forcing data. Since the EnKF analysis is not 376 

designed to correct for bias, the assimilated observations are scaled to match the climatology 377 

of the corresponding model estimates.  378 

Prior to assimilation, we subtract the observed mean seasonal cycle from the SMAP Tb 379 

observations and then add the corresponding seasonal cycle of the simulated Tbs (separately 380 

for each grid cell). Thus, only the anomaly information contained in the SMAP Tb 381 

observations is assimilated. 382 

We apply a Z-score transform to the ASCAT relative wetness observations; that is, we 383 

subtract the observed mean seasonal cycle, multiply the resulting anomalies with the ratio of 384 

the simulated to the observed temporal standard deviations (computed over the entire 385 

experiment period), and then add the mean seasonal cycle of the CLSM-simulated volumetric 386 

surface soil moisture estimates. Finally, the scaled ASCAT SM observations are further 387 

restricted to fall within the range given by the driest and wettest modeled values sampled 388 

over the experiment period (separately for each grid cell). In this case, only the normalized 389 

anomaly information contained in the ASCAT relative wetness observations is assimilated. 390 

The bias correction also implicitly converts the ASCAT observations from their native 391 

relative wetness units (%) to the volumetric soil moisture units (m3 m-3) of the CLSM 392 

volumetric surface soil moisture forecasts. While the physical relationship between ASCAT 393 
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relative wetness and volumetric soil moisture is nonlinear, we apply a linear anomaly 394 

mapping using a Z-score transform, as it is computationally efficient and consistent with the 395 

assumptions of the EnKF, which requires approximately Gaussian errors and linear error 396 

propagation.  397 

The seasonal cycles of the mean and standard deviation of the observations and model 398 

estimates are computed from the data across the entire experiment period. For this 399 

calculation, the simulated data are masked to the times and locations for which good-quality 400 

observations are available. The Tb mean seasonal cycles are calculated on the 36-km 401 

EASEv2 grid. The ASCAT relative wetness observations, which are provided on a 25-km 402 

swath grid, are first binned onto a regular 0.25 latitude/longitude grid, and the seasonal cycle 403 

of their mean and standard deviation is calculated on this grid, as is that of the corresponding 404 

model forecasts. All seasonal cycles are computed separately for each pentad of the year 405 

using a 75-day smoothing window centered on the pentad, provided there are at least 20 (5) 406 

good-quality SMAP (ASCAT) observations.  407 

The effectiveness of the bias correction approach applied here is influenced by several 408 

factors, including long-term data quality, regional variations, and land cover 409 

characteristics. Long-term data quality is important because systematic errors in the 410 

observational record, such as sensor degradation, changes in retrieval algorithms, or shifts in 411 

calibration standards can introduce inconsistencies over time. If the historical dataset used for 412 

determining the bias correction parameters is not stable, the correction may lead to artificial 413 

trends or step changes in soil moisture estimates. Moreover, the systematic differences 414 

between the model and the observations vary across different regions and land cover types 415 

owing to differences in surface characteristics, vegetation density, and climate regimes. To 416 

help address these variations, our approach applies a localized and seasonally varying bias 417 

correction. However, this approach may still not fully capture short-term variations such as 418 

those caused by the harvesting of crops, thereby potentially limiting the effectiveness of data 419 

assimilation in highly dynamic environments. 420 

3.3 Experiments 421 

To investigate the impact of assimilating ASCAT SM observations into GEOS LDAS we 422 

carried out four experiments (Table 1). All four experiments are identically configured in 423 

terms of the model setup, resolution, forcing, ensemble size and perturbations. The 424 

experiments differ only in the kinds of observations that are assimilated. For each 425 
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experiment, a 24-member CLSM ensemble with perturbations is run on the 36-km EASEv2 426 

grid for 6-years from 1 April 2015 to 31 March 2021, driven with surface meteorological 427 

forcing data from the GEOS Forward Processing (FP) system at 0.25 x 0.3125 (latitude x 428 

longitude) resolution (Lucchesi, 2013).  The CLSM ensemble was spun up for 9 months from 429 

1 July 2014. The ensemble spin-up was initialized from a single-member CLSM simulation 430 

spanning the 24.5 years from 1 January 1990 to 1 July 2014 driven with surface 431 

meteorological forcing from the Modern-Era Retrospective analysis for Research and 432 

Applications version 2 (Gelaro et al., 2017).The GEOS-FP and MERRA-2 precipitation is 433 

used here without the daily observations-based corrections of the L4_SM Version 7 product 434 

(Reichle et al. 2023a). To ensure climatological consistency across the spin-up and 435 

experiment periods, however, the GEOS-FP and MERRA-2 precipitation was rescaled to 436 

match the (seasonally-varying) precipitation climatology that is used in the L4_SM Version 7 437 

product. 438 

 439 

Experiment 

Name 

Experiment Description Assimilated 

Observations  

Passive 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 440 

residuals as a diagnostic and do not contribute to the analysis increments. 441 

 442 

The CNTL experiment is a control (or “open-loop”) ensemble simulation without any 443 

data assimilation. The 24 model ensemble members are forced and perturbed in the same way 444 

as in a data assimilation run, and for every three-hour assimilation window, the available 445 

(bias-corrected) ASCAT SM and SMAP Tb data are ingested as “passive” observations to 446 

produce OmF residuals, which are saved for the purpose of validation (section 3.4.3). That is, 447 

in the CNTL experiment, the EnKF is not employed to calculate analysis increments, and the 448 

next model integration timestep begins from the previous forecast with no update. The skill 449 

of this model-only control run can then be assessed with the validation techniques discussed 450 

below (section 3.4) and serves as a baseline for the impact of the satellite data assimilation.  451 
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The ASC_DA experiment assimilates only ASCAT SM observations and ingests SMAP 452 

Tb data as passive observations. That is, only the misfit between ASCAT SM observations 453 

and the corresponding surface soil moisture forecast is used by the EnKF to calculate 454 

increments for srfexc and rzexc (and catdef for peatlands), whereas SMAP Tb observations 455 

are not used in the calculation of the soil moisture or soil temperature analysis increments. 456 

This experiment is designed to test whether ASCAT SM can provide meaningful soil 457 

moisture information in the absence of SMAP observations. Demonstrating this capability 458 

would enhance system robustness in scenarios where SMAP Tb observations become 459 

unavailable; it would also allow for an extension of the observational record to periods before 460 

SMAP became operational in 2015. 461 

 Conversely, the SMP_DA experiment assimilates only SMAP Tb observations and 462 

ingests ASCAT SM data as passive observations. This experiment serves as the DA 463 

benchmark, representing our current best system where only SMAP Tb is assimilated to 464 

update soil moisture and temperature states. 465 

Finally, the MLT_DA experiment assimilates both ASCAT SM and SMAP Tb, with both 466 

types of observations contributing to the soil moisture analysis increments. This experiment 467 

assesses whether the combined assimilation of ASCAT and SMAP improves the analysis 468 

compared to single-sensor assimilation. It helps identify when and where the integration of 469 

both types of observations leads to improvements and under what conditions potential 470 

inconsistencies arise, informing the development of more robust multi-sensor data 471 

assimilation strategies. 472 

3.4 Validation 473 

3.4.1 IN-SITU VALIDATION 474 

The unbiased root-mean-square difference (ubRSMD, or standard deviation of the error 475 

(Entekhabi et al., 2010b)), time series correlation (R), and anomaly R (anomR) metrics versus 476 

the in-situ measurements (section 2.4) were computed as in Reichle et al. (2019). For a given 477 

site, these metrics are computed from 3-hourly data, provided at least 480 measurements (or 478 

about 2 months of data) are available after QC. Calculating anomR requires that there is an 479 

estimate of the 6-year mean seasonal cycle. The latter is computed separately for each day of 480 

the year using a 31-day smoothing window when there are at least 240 measurements across 481 

the 6-year validation period. The mean seasonal cycle of the model or assimilation 482 
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experiments is computed after temporal cross-masking with the available in-situ 483 

measurements. Summary metrics are calculated by averaging across the metrics from all 484 

individual core sites, giving equal weight to each. Statistical uncertainty in the ubRMSD, R, 485 

and anomR metrics is estimated using 95% confidence intervals, which are computed at each 486 

site based on the number of samples in the time series (with a correction for temporal 487 

autocorrelation (Dawdy & Matalas, 1964)).  488 

3.4.2 INSTRUMENTAL VARIABLE APPROACH 489 

Differences in soil moisture anomR skill between the experiments is additionally 490 

quantified using independent satellite soil moisture observations when available, following 491 

the “single” Instrumental Variable (IV) approach of  Su et al. (2014). Briefly, the IV method 492 

obtains the difference in skill between two sets of surface soil moisture estimates – in this 493 

case the CNTL experiment and either ASC_DA or SMP_DA – versus an unknown true soil 494 

moisture through their sample anomaly correlation versus independent satellite observations. 495 

By leveraging the temporal persistence of soil moisture, we use a lagged satellite dataset as 496 

an instrument to correct for bias in the estimated anomR metric. This approach is analogous 497 

to Two-Stage Least Squares regression, where the instrumental variable helps isolate the true 498 

relationship between variables by removing endogeneity or measurement error (Wooldridge, 499 

2024). Reichle et al. (2021a; their Fig. 4) successfully verified ASCAT SM-based IV metrics 500 

for a SMAP Tb assimilation experiment against metrics derived from in-situ measurements at 501 

the above-mentioned SMAP core validation sites. A more detailed discussion of the IV 502 

method, including key equations, is provided in section S2 of the Supplementary Material.  503 

Here, SMAP Level 3 soil moisture is used as the IV to assess the single-sensor ASCAT 504 

assimilation (ASC_DA), and ASCAT relative wetness is used as the IV to assess the single-505 

sensor SMAP assimilation (SMP_DA), thereby ensuring independence between the 506 

assimilation system and the validation data. Since MLT_DA assimilates both ASCAT and 507 

SMAP observations, it is not validated using the IV approach for lack of independent 508 

observations. (Note that SMOS soil moisture retrievals and the assimilation of SMAP Tb 509 

observations in GEOS LDAS both rely on similar L-band radiative transfer modeling and are 510 

not independent.)  511 

In addition to the QC applied to the satellite observations outlined in sections 2.2 and 2.3, 512 

for the IV-based validation we applied additional QC based on consistency metrics between 513 

the satellite and model soil moisture (Reichle et al., 2021a). As part of this additional QC, we 514 
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excluded locations where the IV-based estimate of soil moisture anomR skill fell below 0.1 515 

for any satellite-experiment pair. This threshold helps ensure that the independent data have 516 

sufficient skill to act as a valid instrument, because statistical error estimators can become 517 

unstable with low-quality inputs (Dong et al., 2018). A 0.1 inter-product correlation 518 

coefficient is commonly adopted as a lower bound for meaningful analysis (e.g., Dong et al., 519 

2020). Moreover, locations where the soil moisture anomalies from the satellite product and 520 

the assimilation experiment had a negative pairwise cross-correlation or 2-day lagged 521 

autocorrelation were also excluded. Finally, note that in the present paper we focus 522 

exclusively on differences in skill metrics, which mitigates potential issues with bias in the 523 

absolute skill metrics derived from the IV method. 524 

3.4.3 DATA ASSIMILATION DIAGNOSTICS 525 

All data assimilation systems, including GEOS LDAS, produce internal diagnostics that 526 

can be used to assess whether the system is performing well and as expected. The statistics of 527 

the OmF residuals and soil moisture analysis increments are typically the most informative 528 

metrics. A detailed description of their use in the evaluation of the L4_SM product can be 529 

found in Reichle et al. (2017b; their section 2c). It is important to keep in mind that OmF 530 

residuals for ASCAT observations are in the units of the scaled ASCAT SM observations, 531 

that is m3 m-3 (section 3.2).  Similarly, Tb OmF residuals are in brightness temperatures units 532 

(K). As higher soil moisture and lower Tb both indicate wetter soils, the sign of the OmF 533 

residuals will be opposite when the forecast is too wet relative to observations (negative OmF 534 

for soil moisture and positive OmF for Tb), and vice versa. OmF residuals will always be at 535 

the spatial resolution of the observations, although for time series statistical analysis and 536 

plotting, each observation is assigned to the closest model grid cell. The soil moisture 537 

analysis increments, on the other hand, will have the same units as the incremented “excess” 538 

and “deficit” model variables (kg m-2, equivalent to mm) and be at the model grid cell 539 

resolution.  540 

Much of the value in the OmF residuals comes from the fact that each OmF value is 541 

calculated before the observation is assimilated. In other words, the observations used in the 542 

OmF residuals provide independent information in the evaluation of the model forecast. If the 543 

assimilation system is performing well and the observations have been bias-corrected, the 544 

long-term mean of the OmF residuals should be close to zero, indicating there is no net 545 

addition or subtraction of water. Therefore, from a diagnostics perspective, the time series 546 
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standard deviation of the OmF residuals is more informative than their long-term mean. The 547 

OmF standard deviation provides an estimate of the typical misfit between the model forecast 548 

and the (scaled) observations, which can be used to estimate how “hard” the assimilation 549 

system is working to correct model states. A reduction in the time series standard deviation of 550 

the OmF residuals indicates that the assimilation improved the model forecasts. For this 551 

reason, we also examine the time series standard deviation of the analysis increments.  552 

Unlike the assimilated observations, the model forecast and the analysis are always 553 

spatially complete across the model domain (Figure 1). For any given 3-hour analysis 554 

window, the increments therefore trivially vanish across much of the global domain simply 555 

because no observations were assimilated within the 1.25 compact support radius (section 556 

3.1). To exclude these trivially vanishing increments, we consider only soil moisture 557 

increments with an absolute value greater than 0.0002 m3 m-3 in the calculation of the 558 

statistics. This threshold is required because the volumetric soil moisture increments are 559 

computed here as the difference between the analysis and forecast fields, which entails 560 

roundoff error and prevents us from identifying exact zeros. As a side effect, this approach 561 

excludes the presumably rare increments that are very small because the model forecast and 562 

the observations agreed closely. We verified that our results are not sensitive to the exact 563 

value of the applied threshold. 564 

 565 

4. Results and Discussion 566 

4.1 In-situ metrics 567 

The summary performance metrics across the SMAP core validation sites are shown in 568 

Figure 2. The performance metrics for the CNTL experiment provide a baseline for CLSM’s 569 

ability to simulate surface and root-zone soil moisture when driven with GEOS-FP surface 570 

meteorological forcing. The R and anomR values for CNTL range between 0.55 and 0.67, 571 

and the ubRMSD for CNTL is 0.042 m3 m-3 for surface soil moisture and 0.031 m3 m-3 for 572 

root-zone soil moisture, indicating that CLSM driven with GEOS-FP precipitation has 573 

reasonable skill in simulating soil moisture, but that there is also room for improvement 574 

through assimilating soil moisture observations.  575 
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 576 

Figure 2. Performance metrics vs. in-situ measurements for (a-c) surface soil moisture at 577 

18 SMAP core validation sites and (d-f) root-zone soil moisture at 8 sites. Metrics include 578 

(a,d) time series correlation (R), (b,e) anomaly R (anomR) and, (c,f) unbiased root mean 579 

square difference (ubRMSD).  580 

 581 

Assimilating only ASCAT SM observations in the ASC_DA experiment yields small but 582 

consistent improvements in all metrics for surface and root-zone soil moisture skill relative to 583 

the CNTL experiment. While these skill differences are not statistically significant for any 584 

single metric, as indicated by the overlapping 95% confidence intervals, their consistency 585 

across several metrics suggests an overall beneficial impact from the assimilation of ASCAT 586 

observations. For surface soil moisture, R increases from 0.63 for CNTL to 0.66 for 587 

ASC_DA, anomR increases from 0.55 to 0.58, and ubRMSD decreases from 0.042 to 0.040 588 

m3 m-3. The equivalent differences are relatively larger for root-zone soil moisture, with R 589 

increasing from 0.67 for CNTL to 0.75 for ASC_DA, anomR from 0.59 to 0.70, and 590 

ubRMSD decreasing from 0.031 to 0.027 m3 m-3. This overall improvement is a reassuring 591 

result, indicating that the ASCAT observations contain useful information about surface soil 592 

moisture. Moreover, the results suggest that GEOS LDAS can effectively incorporate 593 

ASCAT data to improve CLSM soil moisture estimates across the range of land cover types 594 

and environmental conditions represented by the SMAP core validation sites. 595 
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When only SMAP Tb observations are assimilated (SMP_DA), the improvements vs. 596 

CNTL are larger across all skill metrics compared to those achieved with ASC_DA. For 597 

SMP_DA, the R and anomR metrics for surface soil moisture (Figure 2a, b) show statistically 598 

significant improvements vs. CNTL (and vs. ASC_DA), with R increasing from 0.63 for 599 

CNTL to 0.74 for SMP_DA and anomR increasing from 0.58 for CNTL to 0.68 for 600 

SMP_DA. This result is consistent with the long history of validation results for the L4_SM 601 

product (e.g. Beck et al., 2021; Colliander et al., 2022; Qiu et al., 2021; Reichle et al., 2017a; 602 

Reichle et al., 2017b)  and with the L4_SM product’s emphasis on improving correlation 603 

skill. It also backs the assertion that SMAP Tb observations contain more information about 604 

the true surface soil moisture state than do ASCAT SM observations. Other studies have 605 

come to similar conclusions. For example, using triple co-location-estimated correlation 606 

metrics Chen et al. (2018) confirmed the overall advantage of SMAP (with a global average 607 

anomaly correlation of 0.76) over SMOS (0.66) and ASCAT (0.63). Using information 608 

theory-based metrics Kumar et al. (2018) found the information content of soil moisture 609 

products derived from AMSR-E, ASCAT, SMOS and AMSR2 to be lower than that of the 610 

SMAP product. Finally, Al-Yaari et al. (2019) found better performance, particularly in terms 611 

of temporal dynamics, for SMAP and SMOS than for ASCAT when validating against in-situ 612 

soil moisture measurements from the International Soil Moisture Network (Dorigo et al., 613 

2021). Finally, note that the SMP_DA skill metrics reported here are slightly worse than 614 

those for the L4_SM product  (Reichle et al., 2023a) because the L4_SM algorithm 615 

additionally uses observation-based precipitation to drive CLSM, which is not used in this 616 

study to isolate the impact of assimilating the different observation types.  617 

The joint assimilation of ASCAT SM and SMAP Tb observations, experiment MLT_DA, 618 

gives results that are very similar to those of SMP_DA. The ubRMSD metrics for the two 619 

experiments are nearly identical. While the R and anomR metrics are slightly better in 620 

MLT_DA than in SMP_DA for root-zone soil moisture, the reverse is true for surface soil 621 

moisture. The statistical indistinguishability of MLT_DA and SMP_DA indicates that while 622 

ASCAT SM does not provide additional beneficial information beyond SMAP Tb at these 623 

sites, its inclusion does not degrade the forecast either, ensuring robustness without negative 624 

trade-offs. Even though there is no net improvement from the additional assimilation of 625 

ASCAT SM observations when SMAP Tb observations are assimilated, the multi-sensor 626 

assimilation system will benefit from the assimilation of ASCAT SM observations during 627 

periods when SMAP Tb observations are not available, including prior to 31 March 2015 or 628 
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during SMAP outages thereafter. During such periods, the skill of the multi-sensor system 629 

can be approximated by that of the single-sensor system that assimilates only ASCAT SM 630 

observations.  631 

4.2 Instrumental variable approach 632 

Validation with in-situ soil moisture observations is important but clearly very limited in 633 

its spatial coverage. To quantify the impact of the assimilation across the global domain, we 634 

employed the IV approach (section 3.4.2) using independent satellite soil moisture 635 

observations, that is, SMAP Level 3 soil moisture retrievals to assess ASC_DA, and ASCAT 636 

soil wetness retrievals to assess SMP_DA. (Recall that we cannot assess MLT_DA for lack 637 

of independent observations.) The difference in daily anomR skill between ASC_DA and 638 

CNTL is shown in Figure 3a, and the skill difference between SMP_DA and CNTL is shown 639 

in Figure 3b. In both cases, the IV approach shows a clear improvement in anomR skill 640 

following assimilation, with the mean difference being 0.06 between ASC_DA and CNTL 641 

and 0.13 between SMP_DA and CNTL. The improvement in soil moisture estimates 642 

following SMAP Tb assimilation is nearly universally larger than that following ASCAT SM 643 

assimilation, although the unavoidable use of different independent data sets complicates the 644 

comparison. The global patterns of the skill improvements over CNTL are similar for the two 645 

single-sensor assimilation experiments, with the largest improvements found across much of 646 

sub-Saharan Africa, South America and northeastern China. SMP_DA further shows strong 647 

improvement across central North America. There are some small areas of degradation with 648 

respect to CNTL that typically overlap between the two assimilation experiments, although 649 

the degradation is more extensive for ASC_DA, especially in semi-arid and arid regions. 650 

ASC_DA also shows some performance degradation in isolated pockets across the high 651 

latitudes.  652 
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 653 

Figure 3. Difference in surface soil moisture anomaly R (anomR) skill between (a) 654 

ASC_DA and CNTL and (b) SMP_DA and CNTL. Skill difference estimated using the IV 655 

approach (section 3.4.2) with (a) SMAP Level 3 and (b) ASCAT soil wetness as the 656 

instrumental variable for April 2015 – March 2021. Note that the instrumental variable is 657 

independent of the assimilated observations. Blue colors indicate that the assimilation 658 

improved the skill over the model-only CNTL experiment. Grey shading indicates insufficient 659 

observations available for assessment. 660 

 661 

4.3 Data assimilation diagnostics 662 

4.3.1 NUMBER OF ASSIMILATED OBSERVATIONS 663 

Understanding the frequency of the assimilated ASCAT SM and SMAP Tb observations 664 

is key to evaluating their relative impact in a multi-sensor data assimilation system because 665 

the impact depends on the information content of individual observations as well as the 666 
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number of observations. Since the immediate impact of the land surface analysis is limited to 667 

the compact support radius of 1.25° (section 3.1), and since there is no horizontal propagation 668 

of information in the land-only assimilation system examined here, the assimilation of 669 

ASCAT SM and SMAP Tb observations cannot improve the modeled soil moisture where 670 

observations are not assimilated. Furthermore, regional variations in observation frequency 671 

could explain features in the OmF residuals or analysis increments and guide the treatment of 672 

observations. 673 

Figure 4 shows the average number of ASCAT SM (Figure 4a) and SMAP Tb (Figure 4b) 674 

observations assimilated per day for each 36 km model grid cell over the 6 years from April 675 

2015 to March 2021 in the MLT_DA experiment. For ASCAT, all observations of acceptable 676 

quality (section 2.2) from METOP-A, -B and -C and both ascending and descending orbits 677 

count towards the average. For SMAP, H- and V-polarization Tb observations of acceptable 678 

quality (section 2.3) from ascending and descending orbits count towards the average.  679 

 680 
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 681 

Figure 4. Average number of (a) ASCAT SM and (b) SMAP Tb observations assimilated 682 

per day in the MLT_DA experiment during the 6-year experiment period. Averages based on 683 

(a) ASCAT observations of acceptable quality from METOP-A, -B and -C and from 684 

ascending and descending orbits and (b) SMAP H- and V-polarization observations of 685 

acceptable quality from ascending and descending orbits. Numbers in the bottom of each 686 

map indicate the spatial mean  standard deviation. 687 

 688 

The global average number of observations (per 36 km grid cell) is 0.97 for ASCAT SM 689 

and 1.35 for SMAP Tb, and the maximum number (per 36 km grid cell) is 2.67 for ASCAT 690 

SM and 2.38 for SMAP Tb. The average number of assimilated SMAP Tb observations is 691 

higher than that for ASCAT SM, even though at least two, and up to three, ASCAT sensors 692 

were in orbit at any given time during the experiment period. Since the revisit time of a single 693 

ASCAT sensor is similar to that of SMAP, it is expected that the assimilation of multiple 694 

ASCAT sensors would, on average, provide more frequent SM observations than the single 695 
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SMAP sensor. However, the separate counting of the H- and V-polarization Tb observations 696 

effectively doubles the SMAP observations count. Another factor contributing to the 697 

discrepancy is the stricter QC of the ASCAT observations. As might be expected given the 698 

higher number of ASCAT sensors, the maximum number of observations in a single 36-km 699 

grid cell is higher for ASCAT SM than for SMAP Tb, as can be seen in southeastern South 700 

America and southwestern Australia (Figure 4a). QC and masking applied to ASCAT SM 701 

observations (section 2.2) means that no ASCAT SM observations are assimilated at all in the 702 

Sahara Desert and the tropical rainforests (Figure 4a). In the latter, SMAP Tb observations 703 

are routinely assimilated (Figure 4b), but owing to the typically dense vegetation, the 704 

corresponding soil moisture increments are small (section 4.3.3). For both sensors, very few 705 

or no observations are assimilated over mountainous regions (including the Rockies, Andes, 706 

and Himalayas), or near lakes or large rivers such as the Amazon. Similarly, fewer 707 

observations tend to be assimilated at high latitudes as there is only a short summer season 708 

when soils are unfrozen (and the observations pass QC), although this is partially offset by 709 

the more frequent overpasses owing to the satellites’ polar orbits. For SMAP Tb, the 8-day 710 

exact repeat orbital overpasses result in a geometric pattern that is clearly visible across the 711 

lower latitudes. For ASCAT SM, the stricter QC all but erases any orbital patterns in the 712 

count of the assimilated observations.  713 

Of the grid cells that have SMAP Tb or ASCAT SM observations at any time over the 6-714 

year experiment period, 64% have observations from both sensors. (Note that this is different 715 

from the more likely occurrence of observations from both sensors falling within the 716 

localization distance of the spatially distributed filter and thus impacting a single grid cell’s 717 

analysis increment.) However, it happens very rarely that the ASCAT and SMAP overpass 718 

times are close enough to result in the simultaneous assimilation of ASCAT SM and SMAP 719 

Tb observations during a given 3-hour analysis window at a given 36-km grid cell; this 720 

happens on average only 13.4 times per grid cell per year (or 20.7 times per grid cell per year 721 

when excluding the 36% of grid cells which never have observations from one of the two 722 

sensor types). In the high latitudes, simultaneous assimilation of ASCAT SM and SMAP Tb 723 

happens up to 101 times per grid cell per year (Figure S1a in the Supplemental Material). On 724 

average, simultaneous ASCAT SM and SMAP Tb assimilation occurs for just 1.6% of the 725 

total number of assimilated observations, although in the high latitudes the fraction can be as 726 

high as 14.8% of the total number of assimilated observations (Figure S1b in the 727 

Supplemental Material).  728 
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In summary, our results indicate that, despite some differences in QC and masking, the 729 

number and spatial distribution of assimilated ASCAT SM and SMAP Tb observations are 730 

remarkably similar. While this limits the potential of the ASCAT SM and SMAP Tb 731 

observations to complement each other, their comparable availability simplifies the 732 

assessment of their relative impacts in data assimilation. Unfortunately, both datasets exhibit 733 

reduced coverage in mountainous regions and, to a lesser extent, the high latitudes. This 734 

further supports ASCAT’s role as a potential fallback option in operational weather 735 

forecasting or reanalysis applications during periods when SMAP is not available. 736 

4.3.2 OBSERVATION-MINUS-FORECAST RESIDUALS 737 

We first checked the mean of the OmF residuals to assess our bias correction (section 738 

3.2). We find that the global mean (standard deviation) of the ASCAT SM OmF residuals 739 

over the 6-year experimental period is -0.0004 (0.0069) m3 m-3 for CNTL, and the 740 

equivalent value for SMAP Tb OmF residuals is -0.03 (0.58) K. Figure S2 in the 741 

Supplemental Material shows the global distribution of time series mean values for ASCAT 742 

SM and SMAP Tb OmF residuals for CNTL, indicating good performance nearly 743 

everywhere, except for small pockets across the high latitudes where the mean of the ASCAT 744 

SM OmF residuals can be 0.05 m3 m-3. This result implies our spatially distributed bias 745 

correction (section 3.2) adequately removes the seasonally-varying bias between the 746 

assimilated observations and the corresponding model forecasts. That is, in the long-term 747 

average the assimilation does not add or subtract water and thus does not adversely impact 748 

the global water balance. 749 

 750 
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 751 

Figure 5. Global standard deviation (StdDev) of OmF residuals for (a) ASCAT SM and (b) 752 

SMAP Tb observations from (blue solid) CNTL, (orange dashed) ASC_DA, (green dash-dot) 753 

SMP_DA, and (red dotted) MLT_DA. Standard deviation is computed from all OmF 754 

residuals within a day and then smoothed over a 20-day moving window. OmF residuals are 755 

always calculated for both observation types, including when the observations are “passive” 756 

and do not contribute to the calculation of analysis increments. The magnitude of the 757 

reduction in OmF StdDev relative to CNTL serves as an indicator of the effectiveness of the 758 

assimilation experiment. Numbers in legend indicate the time-average of the OmF global 759 

standard deviation. 760 

 761 

For each of the four experiments and across the 6-year experiment period, Figure 5 shows 762 

the global standard deviation of the OmF residuals for ASCAT SM and SMAP Tb. The 763 

standard deviation is computed from global OmF residuals binned into daily time periods 764 
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(i.e., over eight 3-hour assimilation windows) and then smoothed using a 20-day moving 765 

window. For any given date, a larger OmF standard deviation in a particular experiment 766 

indicates a greater mismatch between the observations and the corresponding model 767 

forecasts, and thus lower skill.  768 

For both observation types, the standard deviation is largest for CNTL, which can be used 769 

as a benchmark (Figure 5). The ASCAT SM OmF standard deviation has a clear annual cycle 770 

in all experiments (Figure 5a), with values increasing rapidly in April and peaking in the 771 

Northern Hemisphere summer, most likely owing to the changing spatial support; the number 772 

of assimilated observations increases in the northern latitudes as the seasonal snowpack melts 773 

and soils thaw, which coincides with a relatively large variability in the observations and/or 774 

forecasts. Interestingly, the OmF residuals for SMAP Tb observations do not exhibit such a 775 

distinct seasonal cycle (Figure 5b), despite a similar increase in the number of observations 776 

passing QC in the Northern Hemisphere during the summer months (not shown). 777 

The largest reduction in the ASCAT SM OmF standard deviation occurs for ASC_DA, 778 

with a relatively constant reduction of approximately 0.009 m3 m-3 (Figure 5a). The reduction 779 

is slightly smaller when ASCAT SM and SMAP Tb are jointly assimilated in MLT_DA. 780 

There is also a small but persistent reduction in ASCAT SM OmF residuals in SMP_DA, 781 

when only the SMAP Tb observations are assimilated. In this case, the ASCAT SM data are 782 

passive observations and do not impact the analysis increments. This result indicates that 783 

assimilating only SMAP Tb results in soil moisture forecasts that are, in the global average, 784 

closer to the (passive) ASCAT observations. The relatively modest reduction of 0.002 m3 m-3, 785 

however, suggests that the SMAP Tb and ASCAT SM observations do not contain the same 786 

information about soil moisture; if this was the case, the results for ASC_DA and SMP_DA 787 

would be more similar. This indicates that while the two observation types share some 788 

common sensitivity to soil moisture variability, differences in their retrieval physics and error 789 

characteristics result in distinct impacts on the assimilation system. 790 

The story is similar when considering the SMAP Tb OmF residuals (Figure 5b). As 791 

expected, the greatest reduction in the SMAP Tb OmF standard deviation is found when 792 

SMAP Tb observations are assimilated; the SMAP Tb OmF standard deviation for both 793 

SMP_DA and MLT_DA is reduced by 1.1 K from that of CNTL in the global average 794 

throughout the 6-year experiment period. In contrast, the assimilation of only ASCAT SM 795 
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observations (ASC_DA) reduces the misfit between the (passive) SMAP Tb observations and 796 

the model forecasts by just 0.3 K. 797 

 798 

Figure 6. Relative difference (percent) in the time series standard deviation of (a,c,e) 799 

ASCAT SM OmF residuals and (b,d,f) SMAP Tb OmF residuals between (a,b) ASC_DA and 800 

CNTL, (c,d) SMP_DA and CNTL, and (e,f) MLT_DA and CNTL. Blue shading means that the 801 

assimilation improves the model background forecasts. Relative difference is calculated with 802 

respect to the CNTL value. Metric computed for 1 April 2015 to 31 March 2021. Numbers in 803 

the bottom of each map indicate the spatial mean  standard deviation. Grey shading 804 

indicates insufficient number of observations to calculate statistics. 805 

 806 

Next, Figure 6 shows the global distribution of the relative change in the time series 807 

standard deviation of the OmF residuals for the assimilation experiments with respect to that 808 

of CNTL. The relative change is the difference in the OmF standard deviation between the 809 

assimilation experiment and CNTL, normalized by the OmF standard deviation of CNTL. 810 

This metric allows for a more direct comparison of the impact of the assimilation of ASCAT 811 

SM and SMAP Tb observations, which do not share the same units. Negative values (blue 812 
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colors in Figure 6) indicate that the assimilation experiment has smaller typical OmF 813 

differences and thus has improved model background forecasts compared to those of CNTL.  814 

For the ASCAT SM OmF standard deviation, the largest relative differences occur for 815 

ASC_DA, with a global average improvement of -23.7% (Figure 6a). There is substantial 816 

improvement in the model background forecasts nearly everywhere, including in central 817 

North America, Argentina, much of Europe, east Africa, northeastern China and eastern 818 

Australia, highlighting the global impact. A few individual grid cells, usually adjacent to 819 

masked areas and nearly invisible in Figure 6a, show some degradation, which is probably 820 

caused by minor shortcomings in the QC of the ASCAT SM observations. The reduction in 821 

the ASCAT SM OmF standard deviation shows a similar overall pattern for MLT_DA 822 

(Figure 6e), albeit with a somewhat lesser magnitude and with a few regions that exhibit a 823 

slight increase in the OmF magnitude (global average improvement of -18.8%). 824 

As expected, the assimilation of SMAP Tb observations improved the SMAP Tb OmF 825 

standard deviation, with a global average of -14.0% for SMP_DA (Figure 6d) and -13.6% for 826 

MLT_DA (Figure 6f). Both experiments show very similar spatial patterns of improvement. 827 

Across the globe, locations where SMAP observations are assimilated generally show some 828 

improvement, with the largest differences in central North America, along the southern shore 829 

of Hudson Bay, Argentina, western Europe, Kazakhstan, central Russia, and along the river 830 

plains of northern India.  831 

There is a modest but nearly universal reduction (-4.9% on average) in the magnitude of 832 

the SMAP Tb OmF residuals when only ASCAT SM is assimilated in ASC_DA (Figure 6b). 833 

That is, assimilating ASCAT SM adjusts model forecasts of soil moisture such that the 834 

simulated Tb is closer to the (passive) SMAP Tb observations. The impact of assimilating 835 

only SMAP Tb on forecasts of ASCAT SM is slightly beneficial overall, with a global 836 

average of -1.5% (Figure 6c). But the slight average improvement is the result of a balance 837 

between modest improvements across large areas and more marked degradation in smaller 838 

pockets across central North America, southeastern Australia, northern Africa, and the 839 

Middle East. Interestingly, some of the areas with the most marked degradation of the 840 

ASCAT SM OmF standard deviation in SMP_DA match those with the biggest 841 

improvements from the assimilation of only ASCAT SM in ASC_DA. That is, discrepancies 842 

between ASCAT SM and SMAP Tb observations lead to contrasting updates in ASC_DA 843 

and SMP_DA, respectively, thereby degrading model forecasts in SMP_DA relative to the 844 
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(passive) ASCAT SM observations. In the MLT_DA experiment, there is a slight degradation 845 

in the ASCAT SM OmF standard deviation in some of the same areas, especially across the 846 

hot deserts of the Middle East and southeastern Australia (Figure 6e). Nevertheless, as 847 

mentioned above, the joint assimilation of both observation types in MLT_DA still results in 848 

significant reductions in the magnitude of the ASCAT SM OmF residuals (Figure 6e).  849 

  850 

 851 

Figure 7. Relative difference (percent) in the time series standard deviation (a) of ASCAT 852 

SM OmF residuals between MLT_DA and ASC_DA and (b) of SMAP Tb OmF residuals 853 

between MLT_DA and SMP_DA. Relative difference is calculated with respect to (a) the 854 

ASC_DA value and (b) the SMP_DA value. Red shading means that the assimilation results 855 

in degraded model background forecasts. Metric computed for 1 April 2015 to 31 March 856 

2021. Numbers in the bottom of each map indicate the spatial mean  standard deviation. 857 

Grey shading indicates insufficient number of observations to calculate statistics. 858 
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 859 

Figure 7 again shows the relative change (in percent) in the time series standard deviation 860 

of the OmF residuals, but instead of comparing with CNTL as in Figure 6, the difference is 861 

now between MLT_DA and the single-sensor assimilation experiments. The figure highlights 862 

that MLT_DA has larger OmF residuals than do the corresponding single-sensor 863 

experiments, in agreement with the results of Figures 5 and 6. In the global average, the 864 

ASCAT SM OmF standard deviation increases by 7.1% in MLT_DA relative to ASC_DA 865 

(Figure 7a), while the SMAP Tb OmF standard deviation increases by only 0.7% in 866 

MLT_DA relative to SMP_DA (Figure 7b). Since MLT_DA assimilates approximately 867 

double the number of observations than does ASC_DA, a small increase in the variability of 868 

the OmF residuals can be expected. But increases in excess of 30% are seen for the 869 

magnitude of the ASCAT SM OmF residuals in central North America, the Middle East, and 870 

southeastern Australia (Figure 7a). In these locations, the soil moisture information from the 871 

ASCAT SM and SMAP Tb observations is presumably in poor agreement, and competing 872 

updates from each observation type results in larger misfits between the ASCAT SM 873 

observations and the corresponding model background forecasts. The slightly larger OmF 874 

residuals in MLT_DA compared to ASC_DA and SMP_DA suggest the need for error 875 

parameterization strategies that account for regional differences in observation reliability and 876 

consistency to ensure that jointly assimilating multiple data sources does not inadvertently 877 

degrade the forecast skill. 878 

In contrast, additionally assimilating ASCAT SM in MLT_DA has a more neutral impact 879 

on the magnitude of the SMAP Tb OmF residuals relative to the SMP_DA single-sensor 880 

experiment (Figure 7b). This is consistent with what is seen for the passive observations in 881 

the single-sensor assimilation experiments; when SMAP Tb observations are assimilated in 882 

SMP_DA, the magnitude of the ASCAT SM OmF residuals increased considerably in many 883 

areas, even though the overall impact is neutral (Figure 6c). Conversely, assimilating ASCAT 884 

SM in ASC_DA caused a modest decrease in the magnitude of the SMAP Tb OmF residuals 885 

(Figure 6b). The relatively smaller observation error of SMAP Tb compared to that of 886 

ASCAT SM (section 3.1) leads to contrasting magnitudes in the associated increments 887 

(section 4.3.3), which may partially explain the relatively larger impact on ASCAT SM OmF 888 

residuals in SMP_DA compared to the more modest impact on SMAP Tb OmF residuals in 889 

ASC_DA. 890 
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4.3.3 ANALYSIS INCREMENTS 891 

The EnKF uses the OmF residuals to calculate analysis increments for the CLSM 892 

prognostic variables srfexc and rzexc (and catdef for peatland grid cells; section 3.1) that are 893 

then applied to the corresponding model prognostic variables. Increments in (volumetric) 894 

surface and root-zone soil moisture can be diagnosed by differencing the corresponding 895 

analysis and forecast soil moisture values. Given the spatially distributed approach to 896 

filtering, an analysis increment computed for a given grid cell is typically influenced by 897 

several observations within the localization radius. Consequently, analysis increments are 898 

also computed for grid cells that are not directly observed; this is accomplished by combining 899 

the non-local observational information with information from the horizontal error 900 

correlations. Therefore, the global pattern of the number of analysis increments should 901 

resemble that of the number of assimilated observations after some spatial interpolation and 902 

extrapolation. 903 

The global distribution of the number of increments per day in each of the assimilation 904 

experiments is shown in Figure 8, indicating how often the simulated soil moisture is updated 905 

at a given location in response to ASCAT or SMAP observations. For the assimilation of 906 

ASCAT SM observations, Figure 8a shows how increments extend well into areas where 907 

ASCAT SM observations are masked for QC reasons (Figure 4a), for example around 908 

tropical rainforest areas in Amazonia and the Congo, the mountainous regions of Asia and 909 

western North America, and the Sahara Desert. In the global average, the number of 910 

increments per day for ASC_DA is 1.21, approximately 25% more than the average number 911 

of assimilated ASCAT SM observations (mean = 0.97 d-1). 912 

The number of analysis increments for SMP_DA (mean = 0.69 d-1; Figure 8b) seems 913 

surprising low relative to the number of assimilated SMAP Tb observations (mean = 1.35 d-1; 914 

Figure 4b), but there is a simple explanation. H- and V-polarization Tb observations are 915 

counted as separate observations in Figure 4, but for a given location and overpass time, they 916 

are almost always available simultaneously and assimilating a V-polarization Tb observation 917 

at the same time and location where there is already an H-polarization Tb observation does 918 

not result in an additional analysis increment. Counting each pair of H- and V-polarization 919 

Tbs as a single observation, the global average number of assimilated SMAP Tb observations 920 

drops to 0.67 per day. Therefore, the number of analysis increments in SMP_DA corresponds 921 

very closely with the number of assimilated Tb observations, and the relative difference 922 
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between the number of increments and assimilated observations is much smaller than for the 923 

assimilation of ASCAT SM.  924 

Finally, the total number of assimilated observations for MLT_DA is given by the sum of 925 

the assimilated ASCAT SM (Figure 4a) and the assimilated SMAP Tb (Figure 4b). (These 926 

numbers are nearly identical for the respective single-sensor assimilation experiments 927 

because the model-based QC of the observations differs only slightly between the single- and 928 

multi-sensor assimilation experiment; not shown.) Counting again only the number of pairs 929 

of H- and V-polarization Tb observations yields a global average of 1.64 assimilated 930 

observations per day in MLT_DA, compared to a global average of 1.78 increments per day 931 

(Figure 8c). As discussed above, ASCAT SM and SMAP Tb observations are assimilated 932 

simultaneously for only 1.6% of the total number of assimilated observations (section 4.3.1). 933 

Yet the number of increments per day in MLT_DA (mean=1.78 d-1) is ~10% less than the 934 

sum of the number of increments per day from ASC_DA and SMP_DA. This can be 935 

explained because the spatial interpolation and extrapolation associated with the computation 936 

of the analysis increments in MLT_DA is less efficient than in the single-sensor assimilation 937 

experiments, owing to the larger number of assimilated observations in MLT_DA.  938 
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 939 

Figure 8. Average number of surface soil moisture analysis increments per day during 940 

the 6-year experiment period for (a) ASC_DA, (b) SMP_DA and (c) MLT_DA. Numbers in 941 

the bottom of each map indicate the spatial mean  standard deviation. 942 
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 943 

Figure 9. Time series standard deviation of analysis increments for (a,c,e) surface soil 944 

moisture and (b,d,f) root-zone soil moisture from (a,b) ASC_DA, (c,d) SMP_DA, and (e,f) 945 

MLT_DA. Metric computed for 1 April 2015 to 31 March 2021. Numbers in the bottom of 946 

each map indicate the spatial mean  standard deviation. Grey shading indicates insufficient 947 

number of observations to calculate statistics. 948 

 949 

Figure 9 shows the time series standard deviation (or typical magnitude) of the surface 950 

and root-zone soil moisture analysis increments from each assimilation experiment. For all 951 

experiments, the analysis increments are largest in central North America, Argentina, the 952 

Sahel, mid-latitude Eurasia, India, and much of Australia. The largest increments are 953 

generally found where the magnitude of the OmF residuals is reduced the most by the 954 

assimilation (that is, relative to CNTL; Figure 6). However, none of the experiments have 955 

large increments in the high latitudes, despite the reduction in the magnitude of the OmF 956 

residuals there. The average magnitude of the increments differs greatly across the 957 

experiments. For the surface soil moisture increments, the global average magnitude is 958 

0.0111 m3 m-3 for SMP_DA, which is double the 0.0051 m3 m-3 value for ASC_DA. 959 

Similarly, for root-zone soil moisture increments the global average is 0.0013 m3 m-3 for 960 
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SMP_DA and 0.0006 m3 m-3 for ASC_DA. That is, while there are only about half as many 961 

analysis increments in SMP_DA than in ASC_DA (Figure 8a, b), the magnitude of the 962 

increments in SMP_DA is typically double that in ASC_DA. As expected, the typical 963 

magnitude of the analysis increments in MLT_DA is 0.0080 m3 m-3 for surface soil moisture 964 

and 0.0009 m3 m-3 for root-zone soil moisture, which falls between those of ASC_DA and 965 

SMP_DA. This difference in the magnitude of the increments between the observation types 966 

is most likely explained by the relatively smaller observation error ascribed to the SMAP Tb 967 

observations, and thus the larger adjustment of modeled soil moisture towards the 968 

observations. Surface soil moisture increments are roughly an order of magnitude larger than 969 

root-zone soil moisture increments because the srfexc prognostic variable has much stronger 970 

error correlations with the assimilated surface soil moisture and brightness temperature than 971 

does the rzexc prognostic variable. 972 

  973 

5. Summary and Conclusion 974 

This paper describes how we added the capability to assimilate ASCAT SM observations 975 

to GEOS LDAS, a well validated data assimilation system that assimilates SMAP Tb 976 

observations operationally to generate the L4_SM soil moisture assimilation product. We 977 

document our approach to ASCAT SM observation QC and bias correction, and we briefly 978 

describe the system setup and our validation methodologies. The latter include comparisons 979 

to in-situ soil moisture measurements and independent satellite observations as well as the 980 

examination of a suite of data assimilation diagnostics. We conducted a series of simulation 981 

and assimilation experiments to investigate the impact of assimilating ASCAT SM and 982 

SMAP Tb observations on global soil moisture estimates. Relative to a model-only CLSM 983 

simulation without satellite data assimilation, we assess the effect of assimilating only 984 

ASCAT SM observations, assimilating only SMAP Tb observations, and jointly assimilating 985 

both observation types. 986 

Our results show that assimilating ASCAT SM observations universally improves soil 987 

moisture estimates over those of the model-only CLSM simulation. In-situ measurements 988 

confirmed this to be true for both surface and root-zone soil moisture (Figure 2), and 989 

comparison with SMAP Level 3 soil moisture observations using the IV approach indicated a 990 

widespread global distribution for these improvements (Figure 3). We further found that 991 
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assimilating only SMAP Tb observations yielded noticeably better improvements in soil 992 

moisture estimates (using ASCAT SM observations in the IV approach). Jointly assimilating 993 

both observation types gave results very similar to assimilating SMAP Tb observations alone. 994 

These results support our expectation that the SMAP Tb observations provide more accurate 995 

information about surface soil moisture conditions, which has been documented in several 996 

previous studies. Despite the known limitations of the ASCAT SM observations, they 997 

nevertheless provide valuable information that enables our data assimilation system to 998 

improve soil moisture estimates. 999 

A close examination of a suite of data assimilation diagnostics allowed us to investigate 1000 

how the system responds to the assimilation of the different observation types. The average 1001 

number of observations assimilated was similar for ASCAT SM and SMAP Tb (Figure 4), 1002 

even though up to three ASCAT sensors were in orbit during our experiment period 1003 

compared to just one SMAP satellite. This is readily explained by the necessarily stricter QC 1004 

applied to the ASCAT SM observations and the separate counting of H- and V-polarization 1005 

SMAP Tb observations. Neither observation type offered good coverage over mountainous 1006 

regions. Although both sensors are in polar orbits, the number of assimilated observations in 1007 

the high latitudes was limited, owing to the short summer season of unfrozen soils there. The 1008 

number of assimilation windows that simultaneously contain both observation types at a 1009 

given location is greatest in the high latitudes, owing to the sensors’ polar orbits. Such 1010 

simultaneous assimilation of ASCAT SM and SMAP Tb observations happens relatively 1011 

rarely outside of the high latitudes.  1012 

Over the 6-year experiment period, the mean of the ASCAT SM and SMAP Tb OmF 1013 

residuals was found to be close to zero, indicating that our bias correction approach (section 1014 

3.2) worked well and that the assimilation does not adversely impact the model’s water 1015 

balance over the long term. We used the magnitude of the times series standard deviation of 1016 

the OmF residuals as an indicator of the typical magnitude of the OmF residuals and 1017 

quantified its reduction as a measure of the effectiveness of the assimilation. As expected, we 1018 

found the largest reductions in OmF residuals specific to the observation type being 1019 

assimilated. More interestingly, we found that assimilating ASCAT SM observations alone 1020 

reduced the magnitude of SMAP Tb OmF residuals globally (Figures 5 and 6), implying 1021 

some agreement between the ASCAT SM and SMAP Tb observations. This result was 1022 

corroborated with the IV validation. The assimilation of only SMAP Tb observations had a 1023 
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more neutral impact on the verification of the soil moisture estimates against the passive (i.e., 1024 

not assimilated) ASCAT Tb observations.  1025 

We found that the assimilation of both types of observations in the multi-sensor 1026 

assimilation experiment had an overall similar impact on the OmF residuals as that of the 1027 

corresponding single-sensor assimilation experiment, albeit with somewhat larger OmF 1028 

residuals in the multi-sensor assimilation experiment than in the corresponding single-sensor 1029 

experiments (Figure 7). This suggests that the information from ASCAT SM and SMAP Tb 1030 

observations does not always agree, and that competing analysis increments from the two 1031 

observation types can result in larger misfits between the observations and the forecasts.  1032 

Moreover, we found that both observation types tend to result in the largest adjustments 1033 

of the modeled soil moisture in similar places (where OmF residuals are also the largest). The 1034 

increments resulting from assimilating SMAP Tb observations tend to be larger but occur less 1035 

frequently than those from assimilating ASCAT SM observations, owing to the greater 1036 

number of assimilated ASCAT SM observations (when counting H- and V-polarization 1037 

observations in pairs) and their relatively larger assigned observation error standard deviation 1038 

(Figures 4, 8 and 9).  1039 

In agreement with expectation, all validation approaches suggest that assimilating 1040 

ASCAT SM observations improves soil moisture analysis estimates, though to a lesser extent 1041 

than does SMAP Tb assimilation. Nevertheless, adding ASCAT SM to GEOS LDAS is 1042 

clearly beneficial, with broader implications for future operational forecasting systems and 1043 

global reanalysis datasets. 1044 

Our results indicate that assimilating soil moisture observations from multiple sensors 1045 

enhances the robustness of an LDAS, ensuring that useful observational constraints remain 1046 

even when one dataset is unavailable or has higher uncertainties. Here, we demonstrate that 1047 

assimilating ASCAT SM alone is still superior to a model-only CLSM simulation, allowing 1048 

the system to "fall back" on available observations. Furthermore, ASCAT SM records extend 1049 

back to May 2007, providing nearly eight additional years of historical soil moisture 1050 

information for reanalysis before the advent of SMAP Tb observations in 2015. Incorporating 1051 

multiple soil moisture observations into an LDAS enables long-term consistency in soil 1052 

moisture estimates for both the surface and root zone, a critical factor for climate monitoring 1053 

and hydrological applications that depend on reliable estimates of long-term soil moisture 1054 

variability. 1055 
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Our analysis of the OmF residuals highlights that integrating multiple soil moisture 1056 

datasets requires careful handling of systematic differences in the observations and the model 1057 

estimates. Differences in error characteristics, retrieval algorithms, and spatiotemporal 1058 

sampling may introduce competing updates. This was seen in the multi-sensor experiment, 1059 

where the typical magnitude of the ASCAT SM OmF residuals increased relative to that of 1060 

the single-sensor experiments. While this effect did not significantly degrade the overall 1061 

analysis, it underscores the potential for conflicting information from different sensors, 1062 

leading to competing analysis increments. 1063 

To mitigate such effects, next steps would be to develop techniques that incorporate 1064 

region-specific observation error and/or dynamically adjust the influence of observations 1065 

based on land surface conditions and seasonality. Another approach to improve uncertainty 1066 

quantification may be the direct assimilation of ASCAT radar backscatter (Lievens et al. 1067 

2017).  However, this requires a fast and accurate observation operator for radar backscatter, 1068 

which remains challenging over heterogeneous surfaces. Future advancements in machine 1069 

learning-based observation operators could help bridge this gap, enabling more effective 1070 

assimilation of ASCAT backscatter and further improving soil moisture estimates (Aires et 1071 

al., 2021). 1072 

Looking ahead, it will be important to incorporate ASCAT SM observations, along with 1073 

additional satellite observations of soil moisture or L-band Tb (such as from SMOS), into the 1074 

GEOS weakly-coupled land-atmosphere data assimilation system, which will allow us to 1075 

assess the impact of the additional land surface observations on the skill of medium-range 1076 

weather forecasts. The spatial and temporal patterns of multi-sensor soil moisture increments 1077 

may have an impact on weather forecasts that is different from that resulting from the overall 1078 

increase in the soil moisture estimation skill documented here.  1079 

There is a long and growing list of land surface observations that can potentially be used 1080 

to produce land surface reanalyses for a variety of purposes (Baatz et al., 2021; De Lannoy et 1081 

al., 2022; Kumar et al., 2022). The approach and results documented here provide an outline 1082 

for how to extend a state-of-the-science LDAS to include additional and complementary 1083 

types of observations and thoroughly evaluate their impact. 1084 
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