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The correction of Soil Moisture (SM) estimates in Land Surface Models (LSMs) is considered essential for improving the
performance of numerical weather forecasting and hydrologic models used in weather and climate studies. Along with
surface screen-level variables, the satellite data, including Brightness Temperature (BT) from passive microwave sensors,
and retrieved SM from active, passive, or combined active—passive sensor products have been used as two critical inputs
in improvements of the LSM.
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| 1. Introduction

Soil Moisture (SM) is a crucial variable in the partitioning of water (into infiltration and runoff) and energy (into sensible
and latent heat flux) and has been considered in many atmospheric and hydrological studies @&, SM influences the
carbon cycling by photosynthesis and transpiration processes [l and affects short and medium-range forecasts in
meteorology . The variability in SM is due to the spatial distribution of many factors such as rainfall, the spatial variation
of the soil texture, vegetation, and topography. Volumetric SM measurements at different depths are limited to sparse
ground measurements, which cannot provide required spatial and temporal resolution data for numerical weather
initialization. To solve this problem, Land Surface Models (LSMs) are used to model the near-surface (~0-5 cm) and root
zone (~5 to 100) SM (hereafter referred to as SSM and RSM) behavior through physical and hydrological laws. However,
the estimation of SM by LSMs is limited by forcing data, built-in physical rules, and parameterizations.

In order to reduce the mentioned uncertainties, the assimilation of surface observations in LSMs was proposed. Generally,
the assimilation procedure in LSMs consists of three main components: (i) observation, (i) modeling (LSM) for
background and forecast generation of SM, and (iii) correction of background SM in the LSM based on observations. As
stated in &, the initial assimilation experiments based on the optimal interpolation method used screen-level temperature
and relative humidity as assimilation inputs. However, this approach had some built-in limitations, such as applied fix

coefficients, the accumulation of errors induced by the model, forcing data in the root zone, and sparse data sampling =!8
[7]

The emergence of satellite data both in the infrared and microwave spectrum has made it possible to measure the
Brightness Temperature (BT) and to estimate volumetric SMs at the near surface (SSM). Such observations can be
applied as an external source for the correction of biases in SM initialization in LSMs. For this purpose, microwave
imaging sensors (both passive and active) have been more desirable due to their low attenuation by clouds and
atmospheric aerosols [, The passive sensors include: Soil Moisture Active and Passive (SMAP) radiometer (L-band 1.41
GHz) &: Soil Moisture and Ocean Salinity (SMOS) (L-band 1.4 GHz) 19: Advanced Microwave Scanning Radiometer—
Earth Observing System (AMSR-E) (C, X, K, Ka, and W bands at six frequencies: 6.93, 10.65, 18.7, 23.8, 36.5, and 89.0
GHz) LU: Advanced Microwave Scanning Radiometer 2 (AMSR2) (C, X, K, Ka, and W bands at seven frequencies: 6.93,
7.3, 10.65, 18.7, 23.8, 36.5, and 89 GHz) [L23Il14]: Scanning Multichannel Microwave Radiometer (SMMR) (C, X, K, and
Ka bands at five frequencies: 6.6, 10.7, 18.0, 21.0, and 37.0 GHz) 12; and Tropical Rainfall Measuring Mission’s (TRMM)
Microwave Imager (TMI) (X, K, Ka, and W bands at five frequencies 10.7, 19.4, 21.3, 37.0, and 85.5 GHz) 18], The active
sensors include: Advanced Scatterometer (ASCAT) (C-band 5.255 GHz) 13l: Sentinel-1 (C-band 5.405 GHz) 14: and ERS
Scatterometer (C-band 5.32 GHz) 14, The merged products of these sensors, Climate Change Initiative (CCI) 8 and Soil
Moisture Operational Products System (SMOPS) 19, can also be applied for such assimilation studies.

A successful assimilation procedure depends on the assimilation approach, LSM physical laws and parameterizations, the
Radiative Transfer Model (RTM) parameterization (as an observation operator for BT), and the observations and errors in
both the model and observations 2921l The theoretical issues about the assimilation of both satellite BT and SM were
discussed in [2022123] As miscellaneous papers used different satellite data, LSMs, data preparation, forcing data,



assimilation approaches (with different settings), observation operators (RTM), and different locations, it is helpful to
normalize and summarize their results for future studies.

| 2. The Results of Assimilating BT and SM in LSMs

Figure 1 and Figure 2 compare the performance of non-assimilation cases with respect to assimilation cases based on
bias (Figure 1A), correlation (Figure 1B), RMSE (Figure 1C), and unbiased RMSE (URMSE) (Figure 1D) computed
between the SM estimated in LSM and ground SM networks for SSM and RSM, respectively. Non-assimilation cases
include those bias-corrected/non-bias corrected. In Figure 1A, which shows the bias for NOAH, Jules, and VIC, the SM
bias range varies between —0.096 and 0.13 (m3 m-3) for non-assimilation studies and between —-0.077 and 0.069 (m3 m-
3) for assimilation studies. The NOAH has the greater variability in both cases, with assimilation cases having lower
biases. In Figure 1B, the performances of NOAH, CLSM, CLM, Jules, ISBA, SiB2, and VIC are shown for a correlation
index. The correlation varies between —0.243 and 0.95 in non-assimilations and between 0.343 and 0.93 for assimilations.
The mean of assimilation (0.69) cases is higher than non-assimilation (0.64) cases.
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Figure 1. Assimilation results for SSM: (A) bias (m3 m-3), (B) correlation, (C) RMSE (m3 m-3), and (D) uRMSE (m3 m-3);
the metrics are computed based on estimated SM in LSMs and ground networks.
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Figure 2. Assimilation results for RSM: (A) bias (m3 m-3), (B) correlation, (C) RMSE (m3 m-3), and (D) uRMSE (m3 m-3);
the metrics are computed based on estimated SM in LSMs and ground networks.

In Figure 1C, the RMSE in NOAH, CLM, Jules, SiB2, and VIC varies between 0.016 and 0.13 (m3 m-3) in non-
assimilation cases and between 0.01 and 0.15 (m3 m-3) for assimilation cases. The mean of RMSE (0.058 m3 m-3) is
lower in assimilation cases with respect to non-assimilations (0.069 m3 m-3). In Figure 1D, the uURMSE in NOAH and
CLSM varies between 0.018 and 0.079 (m3 m-3) in non-assimilations and between 0.012 and 0.075 (m3 m-3) in
assimilations. The uRMSE mean of assimilations (0.041 m3 m-3) is lower than non-assimilations (0.046 m3 m-3).

Figure 2 is the same as Figure 1 but regarding RSM. In Figure 2A, the performances of NOAH and Jules in the bias
index are shown. The range for non-assimilation cases varies between 0.025 and 0.1 (m3 m-3) and between —0.017 and
0.04 (m3 m-3) for assimilation cases. The mean for assimilation cases (0.005 m3 m-3) is lower compared with non-
assimilation cases (0.054 m3 m-3). In Figure 2B, the correlations for NOAH, CLSM, Jules, ISBA, and SiB2 are shown.
The ranges vary between 0.25 and 0.89 in non-assimilations and between 0.35 and 0.89 in assimilations. In Figure 2C,
the RMSE is shown for NOAH, CLM, Jules, and SiB2, varying between 0.022 and 0.111 (m3 m-3) for non-assimilations
and between 0.024 and 0.109 (m3 m-3) for assimilations. In Figure 2D, the uRMSE is shown for NOAH and CLSM. The
ranges vary between 0.027 and 0.053 (m3 m-3) for non-assimilations and between 0.025 and 0.048 (m3 m-3) for
assimilations. The uRMSE mean of assimilations (0.036 m3 m-3) is lower than that of non-assimilations (0.040 m3 m-3).
Such results (both in SSM and RSM) are shown to demonstrate the quantitative range of error indices in the reviewed
papers. These ranges are a function of many factors, such as the accuracy of in situ measurements, study area, the
applied sensors, assimilation methods, etc.

To show the effect of the assimilation procedures, the differences between assimilation and non-assimilation cases are
reported (sorted based on correlation) for SSM (Figure 3). Some researchers conducted multiple approaches, which are
shown as slots with different colors in each bar; for example, 24 conducted two assimilation scenarios with different
configurations. As Figure 3 shows, most of assimilation approaches improved the SM estimation. In some papers [241(25]
(28] some configurations resulted in negative correlation differences where only one station was used, which cannot be
considered a robust result.
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Figure 3. The difference between metrics in assimilation and non-assimilation scenarios for SSM in terms of correlation,
bias, and RMSE; the y axis shows the authors of papers, and the three columns show the metrics.

Most of these scenarios used AMSR-E and SMOS in their assimilation studies. Overall, when BT and SM are used as
input, no significant priority can be found between them. The highest improvement was observed in & with CLM LSM
and the En4DVAR approach in China. Most configurations used EnKF for conducting the assimilation.

Based on Figure 3, RMSE improvements for assimilation cases vary between —0.002 and -0.07 (m3 m-3) (excluding
positive values of retrogression).

In Figure 4, the improvements in correlation, RMSE, and bias are shown for RSM. In most cases, the correlation was
improved. The correlation improvements vary between 0.005 and 0.184 (excluding negative values). In 24, a significant
negative correlation was found, which is the subtraction of assimilation from open loop (the open loop is initialized with 35
days of assimilation results). It shows that when the Sib2 LSM was initialized with 35 days of assimilation, better results
were obtained, and the open-loop run in this configuration had better performance than assimilation in the whole study
period. Regarding RMSE, most of the studies reported an improvement between —0.007 and —0.04 (m3 m-3) (excluding
positive values). All available studies show bias improvements in RSM by assimilation.
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Figure 4. The difference between metrics in assimilation and non-assimilation scenarios for RSM: bias (m3 m-3),
correlation, RMSE (m3 m-3), and uRMSE (m3 m-3); the y axis shows the authors of papers, and the three columns show
the metrics.
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