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S1. KIM hybrid 4DEnVar DA scheme

KIM’s 4DEnVar DA system consists of deterministic and stochastic (ensemble)
components whose atmospheric analyses are generated using the KIM VARiational DA
(KVAR, Song and Kwon, 2015) and four-dimensional local ensemble transform Kalman
filter (LETKF, Shin et al., 2016) schemes, respectively. KIM LETKF independently
performs analysis updates by assimilating almost the same atmospheric observations as
used in the deterministic component (i.e., KVAR), but the main function of LETKF in the
KIM DA system is currently to construct ensemble background error covariance of
KVAR (Kwon et al., 2018). The relative contribution of the ensemble background error
covariance gradually increases from 45% at the poles to 70% at the equator in the
troposphere and then gently decreases above the troposphere. Three-dimensional spatial
localizations are implemented using the Gaspari and Cohn Gaussian-like localization
function (Gaspari and Cohn, 1999). To obtain an appropriate ensemble spread in LETKF,
an additive inflation (Shin et al., 2018) and relaxation-to-prior perturbation (Whitaker and
Hamill, 2012) are applied together.
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Figure S1. fMSE differences of AMSR2, SMOS, and ASCAT soil moisture data
between DA and CTL experiments when used as triplet components to evaluate (a)
ASCAT DA (SG_AT) and (b) SMAP DA (SG_SP).
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Figure S2. Frequency bias (FB; a to f) and equitable threat score (ETS; g to 1), averaged
over 24-72 h precipitation forecasts from the 00 UTC cycle in July 2022, for six domains
[i.e., global domain (GLOB; a and g), Northern Hemisphere (NH; b and h), Southern
Hemisphere (SH; ¢ and 1), Asia (ASIA; d and j), Europe (EU; e and k), and tropical area
(TROP; f and 1)]. The skill metrics are computed for seven conventional thresholds (i.e.,
0.5, 1.0, 5.0, 10.0, 15.0, 20.0, and 25.0 mm day ).



S2. Limitation of the anomaly correction method

The anomaly correction method is based on the critical assumption that systematic
differences in higher statistical moments (e.g., standard deviation) between model
simulations and observations are negligible compared to those in the climatological SM
mean (Kwon et al., 2022). Here, we discuss the limitations of the anomaly-based bias
correction approach by applying it to the Soil Moisture and Ocean Salinity (SMOS) SM
data assimilation (DA), although the SMOS data are not included in the multi-sensor SM
DA explored in this study.

The SMOS L2 SM Neural Network (NN) product (Rodriguez-Fernandez et al., 2017)
disseminated by the European Space Agency (ESA, https://smos-
diss.eo.esa.int/oads/access/) is used. This SM data is generated by applying a NN
algorithm that are trained on the SMOS L2 SM retrievals using the SMOS H and V
polarized brightness temperature (average ground resolution of 43 km) at incidence
angles of 30 to 45° and the European Centre for Medium-Range Weather Forecasts
(ECMWEF) Integrated Forecast System (IFS) surface soil temperature as inputs. The
SMOS L2 SM NN product is provided based on discrete global grid (DGG) systems, and
thus the DGG-SM values are assigned to the model grids when the center of SMOS DGG
falls within the model latitude-longitude boundaries before assimilation.

Differences in the SM temporal mean and standard deviation between the Noah land
surface model (LSM) simulations (without SM DA) and SM retrievals [(from the Soil
Moisture Active Passive (SMAP) and SMOS)] are plotted in Figure S3. The figure shows
that, compared to SMAP, SMOS exhibits a larger bias from the Noah SM simulation in
both the mean and standard deviation. SMOS generally shows a higher SM standard
deviation than the Noah LSM. Specifically, the median of the standard deviation
difference between SMOS and Noah is -0.019 m® m=, whereas it is 0.003 m* m~ for
SMAP and Noah (Figure S3a). The standard deviation of the SMOS SM temporal
variation is much larger than that of the Noah LSM and SMAP SM for most land cover
types, except in tundra regions (Figure S3b). Figure S3 indicates that the SMOS SM data
and Noah LSM (driven by the KIM forcing) do not satisfy the underlying assumption of
the anomaly correction method. Therefore, Figures S4 and S5 show that SMOS DA
employing the anomaly correction degrades the 2-m specific humidity and air
temperature analysis as compared to the control case (CTL; without SM DA) and SMOS
DA case employing the CDF matching.
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Figure S3. Differences in the mean and standard deviation of the SM estimates between
the Noah LSM (without SM assimilation) and satellite-based products (i.e., SMAP and
SMOS before bias correction), which are plotted (a) for global grids and (b) for different
dominant land-cover types shown in Figure (c). The dominant land-cover types (1:
evergreen needleleaf forests, 2: evergreen broadleaf forests, 3: deciduous needleleaf
forests, 4: deciduous broadleaf forests, 5: mixed forests, 6: closed shrublands, 7: open
shrublands, 8: woody savannas, 9: savannas, 10: grasslands, 11: permanent wetlands, 12:
croplands, 13: urban and built-up, 14: croplands/natural vegetation mosaic, 15: snow and
ice, 16: barren or sparsely vegetated, 17: water, 18: wooded tundra, 19: mixed tundra, 20:
bare ground tundra) are obtained from the Moderate resolution imaging
spectroradiometer (MODIS)-based International Geosphere-Biosphere Programme
(IGBP) global land-cover classification (Friedl et al., 2002).
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Figure S4. RMSD differences in the 2-m specific humidity analysis (a and b) and 2-m air
temperature analysis (¢ and d) between the SMOS SM DA cases using different bias
correction methods [i.e., SG_SS (CDF matching) and SG_SS (anomaly correction)] and
CTL (without SM DA) for the July 2022 00 UTC cycle. The European Center for
Medium-Range Weather Forecasts (ECMWF) Integrated Forecasting System (IFS)
analysis (ECMWF, 2017) is used as reference data.
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Figure S5. RMSD differences in the 2-m specific humidity analysis (a and b) and 2-m air
temperature analysis (¢ and d) between the SMOS SM DA cases using different bias
correction methods [i.e., SG_SS (CDF matching) and SG_SS (anomaly correction)] and
CTL (without SM DA) for the July 2022 12 UTC cycle. The European Center for



Medium-Range Weather Forecasts (ECMWF) Integrated Forecasting System (IFS)
analysis (ECMWF, 2017) is used as reference data.

SMAP soil moisture time-invariant error standard deviation map
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Figure S6. A map of SMAP soil moisture (SM) time-invariant error standard deviations,
which has been reproduced from Figure 5 in Kim et al. (2025) with permission.
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