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Abstract— L-band brightness temperature (TB) has been shown to provide the best sensitivity to soil moisture 

(SM) although C- and X-band based products offer a longer time-series from satellite-based measurements. 

Currently, global coverage SM is routinely produced from spaceborne measurements using all three frequency 

bands, but despite continued validation efforts of the products, the relative characteristics and performance of 

these observations have not been fully established. Therefore, this study focused on the parametrization of SM 

retrieval algorithms at L-, C- and X-bands using TB observations from the L-band radiometer on NASA’s SM 

Active Passive (SMAP) mission and the C- and X-band channels of JAXA’s Advanced Microwave Scanning 

Radiometer 2 (AMSR2) onboard the GCOM-W satellite. These can be applied in global SM retrieval algorithms 

using either one of the frequencies or a combination of them. The reference in situ SM data was obtained from 12 
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core validation sites across various land cover types around the world. The investigation highlighted the known 

challenges of retrieving SM from C- and X-band data compared to the higher sensitivity of the L-band data. Even 

with a site-specific retrieval algorithm parameterization, the mean correlation of the C- and X-band retrievals for 

the core validation site SM measurement were much lower than that for L-band, being 0.52 (0.54) and 0.45 (0.47) 

for vertical (horizontal) polarization, respectively, while for the L-band retrieval the corresponding values were 

0.81 (0.77). The parameterization exercise showed that matching the C- and X-band TB measurements with an 

emission model was not difficult; the problem was relating the observations to SM under the influence of large 

roughness and vegetation effects. As a result, parameter optimization produced values for some sites that were 

not realistic or did not allow any practical sensitivity to SM at C- and X-band. Considering the L-band 

observations, the parameter optimization resulted in superior bias performance as compared to the operational 

SMAP product parameterization, but the sensitivity to SM changes (R and unbiased root mean square difference) 

did not improve markedly, or in some cases degraded at the expense of a smaller bias. 

 
Index Terms—Passive microwave, Radiometer, Soil moisture, Parameterization, Calibration 

 

I. INTRODUCTION 

Soil moisture (SM) is a key variable in the energy exchange and water balance of Earth’s land-atmosphere 

system. It is of great importance to disciplines such as agriculture, hydrology, and meteorology. Over the 

past twenty years, passive microwave remote sensing has grown into a popular technique to estimate surface 

SM at a global scale. A number of launched satellite missions with onboard radiometers have the ability for 

a global SM mapping. The National Aeronautics and Space Administration (NASA) launched the Advanced 

Microwave Scanning Radiometer-EOS (AMSR-E) developed by Japan Aerospace Exploration Agency 

(JAXA) on the Aqua spacecraft in May 2002 (Njoku et al. 2003) (operation ceased in October 2011). The 

European Space Agency (ESA) launched the Soil Moisture and Ocean Salinity (SMOS) mission in 

November, 2009 (Kerr et al. 2010). After that, the Advanced Microwave Scanning Radiometer 2 (AMSR2) 

developed by JAXA and onboard the Global Change Observation Mission-Water (GCOM-W) satellite was 

launched in May 2012 (Imaoka et al. 2010). Most recently, NASA’s Soil Moisture Active Passive (SMAP) 

mission was launched in January 2015 (Entekhabi et al. 2010). The instrument specifications related to SM 

mapping capabilities for these missions are shown in Table I.  
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SM retrieved from passive microwave observations has been applied for a range of different purposes. 

However, products from different missions have typically been used separately, which limits the length of 

the available SM time-series. SM data acquired from various missions with different algorithms or model 

parameters differ in their characteristics and are therefore not consistent. Parinussa et al. (2015) conducted 

an analysis towards consistent AMSR2 SM products. The global SM, retrieved from C-/X-band signals, was 

compared against ERA-interim SM (a global land surface reanalysis data set), indicating the need for inter-

calibration between different frequencies.  It is also suggested that using such products while making 

assumptions for the sensing depth, which varies among different frequencies, is quite typical. There have 

been also efforts to develop joint SM products from different missions. The ESA Climate Change Initiative 

SM product uses statistical methods to merge SM products. However, the validation showed that the 

consistency of the product requires improvements (Dorigo et al. 2017). Therefore, we conducted a study 

using the L-, C- and X-band signals from SMAP and AMSR2 satellites to explore the consistency of the SM 

model parameterization over frequency.  

 The behavior of the TB signal in response to SM change and vegetation cover has been widely 

characterized in many previous studies at different frequencies based on field experiment data (e.g., Burke et 

al. 1979; Wigneron et al. 1995; Jackson et al. 2002; Jackson and O'Neill 1990; Njoku et al. 2002). Schmugge 

et al. (1986) concluded that L-band gives the optimum frequency range for SM retrieval. The higher 

frequencies, however, have been also explored as they “ require a smaller antenna aperture to achieve equal 

spatial resolution” (Njoku et al. 2003). At L-band, the brightness temperature (TB) signal originates from 

 

TABLE I 

INSTRUMENT DESCRIPTION FOR SATELLITE MISSIONS WITH PASSIVE MICROWAVE RADIOMETERS THAT HAVE GLOBAL SOIL MOISTURE 

MAPPING CAPABILITIES 

 

Mission Available data Frequency 
in GHz (Band) 

Spatial 
resolution in 

kms 

Incidence angle 
in degrees 

Temporal 
revisit 

AMSR-E 2002-2011 6.93 (C) 

10.65 (X) 

75 x 43 

51 x 29 

55 ~2 days 

SMOS 2009-present 1.41 (L) 30 – 80 0-55 ~3 days 

AMSR2 2012-present 6.93 (C) 

7.30 (C) 
10.65 (X) 

62 x 35 

62 x 35 
42 x 24 

55 ~2 days 

SMAP 2015-present 1.41 (L) 38 x 49 40 ~3 days 
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about the top 5 cm of soil surface on average (e.g., Njoku and Kong, 1977). O’Neill et al. (1996) showed that 

with a corn crop coverage of no >5 kg/m2 of water content (i.e., a moderate vegetation cover), L-band 

radiometry can achieve a SM retrieval accuracy as good as 0.04 m3/m3; this threshold has been widely used 

in the development of SM products (e.g., Entekhabi et al., 2014), but it has not been tested across most of the 

vegetation types.  On the other hand, higher frequency radiometers (e.g., those at C-band or X-band) have 

higher attenuation through vegetation and smaller penetration depth. Unlike L-band, TB observed at C- and 

X-band is only representing the top 1 cm of the soil surface or even less (e.g., Njoku and Kong, 1977). A 

vegetation water content (VWC) value of higher than ~3 kg/m2 would attenuate the signal enough so that it 

is not sensitive to SM.  

Before L-band was available from satellite sensors, algorithm research for satellite-based global retrievals 

focused on higher-frequency observations. For example, Njoku and Li (1999) proposed an approach using 

C-, X- and Ku-band observations to retrieve SM, vegetation water content and surface temperature, and 

Paloscia et al. (2001) developed a multi-frequency approach using C-band for SM retrieval, while accounting 

for vegetation effects with X-band signals from SMMR and SSM/I satellites. More recently, there have also 

been studies on multi-frequency SM retrievals after the launch of SMOS and SMAP.  For example, Chai et 

al. (2018) conducted a case study over corn fields with a “multi-band (1.4/6.925/10.65 GHz) emission 

model”, which accounts for the multiple-scattering effects in the matrix doubling model. Results provide 

overall RMSEs of <8 K at all three frequencies against both ground and airborne observations. van der 

Schalie et al. (2018) quantified the consistency between AMSR-E and SMOS-based SM retrievals from 

various retrieval algorithms over a global comparison study. Results showed that the two missions have 

similar behavior over sparse to moderately vegetated land. Conversely, Crow et at. (2017) and Dong and 

Crow (2018) showed that the L-band radiometry-based SM products had a significant advantage over higher-

frequency-based products for predicting rain runoff and coupling SM with air temperature extremes because 

of the better sensitivity to SM. 

This paper presents the parameterization of the Single Channel Algorithm (SCA) (O’Neill et al, 2015), 

which uses the tau-omega model (Mo et al. 1982) to characterize the vegetation layer and single parameter 

roughness model to characterize surface roughness effect (Choudhury et al., 1979). The tau-omega model 
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has been used in both SMAP and SMOS missions at L-band (Entekhabi et al. 2010; Kerr et al. 2012) and has 

also been applied to AMSR2 and AMSR-E at X-band (Mladenova et al. 2014). Van de Griend and Wigneron 

(2004) demonstrated that the vegetation parameter b (which characterizes tau, see Section III) is inversely 

proportional to the power of the wavelength when considering a wide frequency range. However, that study 

was based on results from individual data collected separately at different times and locations. In this study, 

we use almost 3 years (2015-2017) of continuous TB observations at L-, C- and X-band over 12 validation 

sites around the world to further explore the frequency dependence of the vegetation and surface roughness 

parameters. SMAP and AMSR2 TB observations that cover a range of SM-sensitive frequencies from 1.4 to 

10.6 GHz were applied. The in situ monitoring sites are used to calibrate and validate the surface roughness 

and vegetation parameters of the forward model at different frequencies. Unlike SMAP, which has 

established a set of default model parameters presented in its Algorithm Theoretical Basis Document (ATBD) 

(O'Neill et al. 2021), such parameters are not readily available for AMSR2. Therefore, this study proposes 

tau-omega model parameters to be used in C- and X-band SM retrievals for various landcover types. 
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II. DATA SETS 

A. In Situ Data 

This study focuses on 12 in situ monitoring sites around the world, mostly cropland and grassland sites, to 

calibrate and validate parameters of the forward model at different frequencies. These are SMAP core 

validation sites, which satisfy the condition of measuring SM at 5 cm depth continuously with replication 

over the 36-km SMAP pixel domain (Colliander et al. 2017). In this study, the in situ sites are categorized 

into three groups: Croplands (Carman (Bhuiyan et al., 2018), Kenaston (Tetlock et al, 2019), REMEDHUS 

(Martinez-Fernandez and Ceballos, 2005) and South Fork (Coopersmith et al., 2015)), Grasslands (Little 

Washita (Starks et al., 2014), Reynolds Creek (Seyfried et al., 2018) and TxSON (Caldwell et al., 2019)) and 

Mixed (Fort Cobb (Starks et al., 2014), Kyeamba (Smith et al., 2012), Little River (Bosch et al, 2007), Twente 

(van der Velde et al., 2021) and Yanco (Panciera et al., 2014)), based on the International Geosphere–

Biosphere Programme (IGBP) landcover classification system. If the cropland percentage exceeds 65% of 

the SMAP grid area, it is considered a cropland site; the same applies for the grassland category. The Mixed 

category consists of sites where both cropland and grassland take up a considerable amount of area, or they 

 

TABLE II 

IGBP-BASED PERCENTAGE OF CROPLAND AND GRASSLAND FOR IN SITU SITES, TOGETHER WITH ANCILLARY INPUT TAU-OMEGA MODEL 

PARAMETERS FOR CALIBRATION 
 

Site Location Cropland % Grassland % Clay % Sand % ρ  (kg/m3) Q 

(L) 

Q 

(C, X) 

ω 

(L) 

ω 

(C, X) 

Croplands 

Carman Canada 99.7 - 31.4 29.9 1.18 

0 0.05 0.05 0.08 
Kenaston Canada 98.8  1.2  23.2 32.3 1.22 

REMEDHUS Spain 82.5 0.3 33.6 28.0 1.38 

South Fork USA 99.9 - 37.9 30.8 1.34 

Grasslands 

Little Washita USA 20.8 * 65.7 * 16.4 52.8 1.44 

0 0.05 0.05 0.06 Reynolds Creek USA 1.2 95.0 37.5 25.7 1.41 

TxSON USA 0.6  83.4  30.7 36.9 1.43 

Mixed  

Fort Cobb USA 52.0 * 33.9 * 18.4 33.3 1.44 

0 0.05 0.05 0.08 

Kyeamba Australia 34.5 49.9  17.9 65.8 1.43 

Little River ** USA 19.5 0.1 80.0 7.2 1.47 

Twente *** The Netherlands 9.2 2.1 8.6 76.0 1.21 

Yanco Australia 27.1 61.9  37.8 44.1 1.33 

* Numbers are based on local land cover studies done by Starks et al. (2014). The MODIS IGBP classification indicates 5.4% of cropland 

and 94.2% of grassland at Fort Cobb, and 0.6% of cropland and 98.2% grassland for Little Washita, which show a considerable difference 

compared to local studies, therefore not considered. 
** The dominant landcover for Little River is Cropland/Natural Mosaic, taking up 57.0%; therefore categorized as ‘mixed’. 

*** The dominant landcover for Twente is Cropland/Natural Mosaic, taking up 66.9%; therefore categorized as ‘mixed’. 
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have other dominant landcover types such as cropland/natural mosaic or mixed forest, etc. The cropland and 

grassland percentages are summarized in Table II. Some core validation sites were not included because 

AMSR2 C- and X-band data were scarcely available over these sites. For example, the Walnut Gulch site in 

Arizona was excluded from the analysis. Table 3 in Colliander et al. (2022) lists information regarding each 

site. 

Figure 1 shows a time series of SM and vegetation water content (VWC) at one example site for each 

category: REMEDHUS for croplands, Little Washita for grasslands, and Yanco for mixed, over the study 

period April 2015 to end of 2017. The SM was logged by in situ monitoring stations located within each 

network and then aggregated to the satellite footprint with the “Voronoi Diagram method”, as explained in 

Colliander et al. (2017). The VWC was retrieved from a NDVI (Normalized Difference Vegetation Index) 

climatology derived from MODIS (Moderate Resolution Imaging Spectroradiometer) data, which is also 

used as ancillary data in the SMAP passive SM retrieval algorithm (see Section II.B). Yanco has the most 

significant seasonal variation for SM which peaks in the wet season of the southern-hemispheric winter. 

REMEDHUS has some seasonal variabilities, but within a smaller range compared to Yanco. Little Washita, 

however, has no clear seasonal trend during this period. All three sites have obvious seasonal variability for 

VWC which peak in different times of year. The NDVI climatology represents the average of 10 years of 

 
Figure 1. Time series of soil moisture from in situ monitoring stations (top) and vegetation water content retrieved 

from MODIS NDVI climatology (bottom) at REMEDHUS, Little Washita and Yanco from April 2015 to December 

2017. 
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NDVI data; therefore, the retrieved VWC time series shown here are not the actual VWC for each site and 

are expected to be less fluctuating in terms of seasonal variation as compared with actual VWC. 

B. Satellite Data 

SMAP’s L-band radiometer at 1.41 GHz measures TB at a 40° incidence angle (Entekhabi et al. 2010). It 

provides 38-km spatial resolution with the projection of 3-dB antenna footprint (Piepmeier et al. 2017). 

AMSR2 instrument measures TB at six frequencies, ranging from 6.93 to 89 GHz. It applies conical scanning 

with an incidence angle of 55°. The AMSR2 single-channel SM retrieval algorithm utilizes the 10.65 GHz 

(X-band) frequency channel to retrieve SM. Although the 6.93 GHz (C-band) frequency can be affected by 

radio frequency interference (RFI) (Imaoka et al. 2010), it does have SM retrieval capability and RFI was 

not observed during our study period within the 12 chosen study sites. Therefore, both C-band and X-band 

observations from AMSR2 are considered in the analysis of this study. 

The SMAP enhanced SM product (L2SMPE, Version 1) provided the L-band TB observations for each 33 

km × 33 km pixel over the in situ sites (Chan et al., 2018; Colliander et al., 2018).  The AMSR2 TB product 

(standard L1B version 2 product with raw resolution) provided the C- and X-band TB observations. The 

product was subsequently re-sampled to the same pixel resolution as SMAP over the 12 sites. Only the 

morning overpasses are considered for both SMAP and AMSR2 for the purpose of consistency, because the 

temperature differences between the top and deeper layers of soil as well as between vegetation and soil are 

smaller in the morning compared to the afternoon (O’Neill et al., 2021). The product uses VWC as an 

ancillary input parameter, which is based on a 10-year NDVI climatology from MODIS. The VWC for the 

global scale is derived using a set of land cover-based equations (O’Neill et al., 2021). Herein, this VWC was 

used over each core site as an input parameter for the tuning process.  

Figure 2 shows the TB variation for REMEDHUS, Little Washita and Yanco at H-pol and V-pol 

throughout the study period. It is clear that L-band data has a significantly larger dynamic range than C- and 

X-band that almost overlap with each other. C- and X-band TBs also have a relatively consistent and gentle 

seasonal variability throughout the study period, while L-band has a stronger variation. For example, around 

January 2016 and hence during summer in the Southern hemisphere, TB H-pol for Yanco at the three 
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frequencies are almost at the same level of ~270 K, except that L-band has several sharp spikes in response 

to short rainfall events. When entering the winter season around July 2016, however, C- and X-band decrease 

slightly to ~250 K while L-band drops dramatically to <180 K.  

Figure 3 shows the scatter plots of C- and X-band data against L-band. For higher TB or drier conditions, 

C- and X-band signals are very close to L-band. However, the difference becomes larger when TB decreases 

or conditions gets wetter. Overall, V-pol is more condensed and less scattered than H-pol signals.  

With soil surface temperature (TSURF) available from in situ monitoring networks (the observation depth is 

5 cm below the surface), the surface emissivity can be estimated by TB/TSURF. Ideally, the emissivity is 

computed using the effective temperature (e.g., Njoku and Kong., 1977) accounting for the effects of 

vegetation and penetration into soil; both of which are functions of frequency. Here we had only the soil 

temperature measurement from one depth for each site so the estimation of the effective temperature would 

 
Figure 2. TB observations at H-pol and V-pol from SMAP (L-band, 1.4 GHz) and AMSR2 (C-band, 6.9 GHz and X-

band, 10.6 GHz) at REMEDHUS, Little Washita and Yanco 
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have substantial uncertainties, and the simple soil temperature-based estimate can give a useful indication of 

the first-order trends of emissivity. In order to show the sensitivity of signals at each frequency to SM, the 

surface emissivity is plotted against in situ SM at L-, C- and X-band in Figure 4. As expected, the L-band 

signal has the steepest slope and hence the highest sensitivity to SM; the C- and X-band signals exhibit a 

much flatter signature as compared to L-band, indicating lower sensitivity to SM. Figure 5 shows simulated 

emissivity for a smooth, bare surface using the Mironov soil dielectric model (Mironov et al., 2009), the 

Fresnel equation (as is done in the SCA), and the incidence angles corresponding to the SMAP and AMSR2 

observations. The frequency dependent differences in these plots are mostly due to the incidence angle 

difference while the effect by the soil dielectric model is relatively small. For the H-polarization the slope is 

similar for the L-band TB and the C/X-band TB, but there is a substantial offset between them. For the V-

polarization, the emissivity range extends closer to unity, where L-band and C/X-band values have to come 

closer together. Compared to the measured frequency dependent differences in Figure 3, the simulated V-

polarization trends have similarities with the measured trends which may be because of the closeness to unity, 

but for the H-polarization the trends are clearly different. The simulated emissivity of the different 

frequencies exhibit similar slope with an offset, but for the measured values the slope between the frequencies 

is clearly different suggesting that the observed differences are mostly due to the frequency dependency of 

the roughness and vegetation effects (at least within the SCA framework).  The higher sensitivity to surface 

roughness and vegetation subdued the impact of the high soil dielectric constant resulting in a smaller 

observed range of emissivity.  

The differences in sensing depth (which also affect the effective soil temperature, e.g. Lv et al., 2014) do 

not cause the systematic and large differences. If the sensing depth was the main cause, the smallest 

differences would be observed at the wet end (when the penetration depths become more similar) and the 

largest at the dry end (when a possibly varying SM profile would affect more the lower frequency 

measurements). Furthermore, the use of the same soil surface temperature for each frequency to represent 

effective temperature cannot be the source of the differences, because that would require an adjustment of 

tens of degrees, which is not realistic. When comparing among different sites in Figure 4, REMEDHUS 

appears to be more scattered and noisier than Yanco and Little Washita. This is likely due to the larger 
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dynamic range of VWC at REMEDHUS which contributes to a ‘widening’ of the relationship curve. Yanco 

has the ‘longest’ curve among the three sites, which is due to the largest dynamic range of SM.  

 
Figure 3. Scatter plots of TB observations at H-pol and V-pol from SMAP (L-band, 1.4 GHz) and AMSR2 (C-band, 6.9 

GHz and X-band, 10.6 GHz) at REMEDHUS, Little Washita and Yanco. 
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Figure 4. Scatter plots of surface emissivity (TB/TSURF) against in situ soil moisture at L-, C- and X-band at H-pol and 

V-pol for REMEDHUS, Little Washita and Yanco. 

 

 

Figure 5. Simulated emissivity for smooth bare surface for L-band (at 40° incidence angle), and C- and X-band (at 55° 

incidence angle). (Left) Emissivity as a function of soil moisture; (Middle) and (Right) C- and X-band emissivity as a 

function of L-band emissivity for V-polarization and H-polarization, respectively. 

 

III. METHODOLOGY 

The SM retrieval and model parameterization process are divided into two stages: In stage 1, TB data from 

April 2015 to December 2016 is used for model calibration against in situ SM for L-, C- and X-band, 
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respectively. In stage 2, data from January to December 2017 is used for validation of the calibrated 

parameters (only thawed conditions are considered). The SMAP default parameters will also be applied to 

compare against the calibrated parameters at L-band. 

As its name suggests, the concept of tau-omega model relies on two parameters (Mo et al. (1982)): 1) 

canopy optical depth (τ) to characterize vegetation attenuation and 2) single-scattering albedo (ω) to 

parameterize the scattering effects within the canopy layer. Parameter τ was found to be linearly related to 

VWC through parameter b: τ = b × VWC, where the value of b depends on vegetation and frequency (Jackson 

and Schmugge 1991). The temperature of the vegetation canopy required in the model can be assumed equal 

to the soil surface temperature during the satellite morning overpass. In the SCA framework, the surface 

roughness is accounted through a single parameter (h) using the formulation first introduced in Choudhury 

et al. (1979). The detailed description of SCA used in this study can be found in O'Neill et al. (2021). 

There have been a large number of studies regarding the parameterization of SCA; in particularly for L-

band, resulting in a range of roughness and vegetation parameters (e.g., Choudhury et al., 1979; Mo et al., 

1982; Jackson et al. 1999; Wigneron et al., 2001; 2011; 2017; Fernandez-Moran et al., 2017). Colliander et 

al. (2016) summarized the roughness parameter values reported for L-band in 11 studies, ranging from 0.06 

to 1.13. Ulaby and Wilson (1985) developed a vegetation attenuation model as a function of frequency for 

L-, C- and X-band based on field measurements, which was translated to a function of b in Jackson and 

Schmugge (1991). Table 1 in Jackson and Schmugge (1991) lists b-parameters for L-, C- and X-band from 

a number of studies including a mix of vegetation types; the average values for the frequency bands are 

0.11±0.03, 0.20±0.10 and 0.68±0.39 (excluding the one outlier study), respectively. Jackson and Schmugge 

(1991) applied 𝑏 = 𝑏′𝜆𝑥 to represent the frequency dependency of b, where 𝑏′ is a frequency-independent 

parameter,  is the wavelength, and x is determined empirically. Depending on the vegetation type and 

frequency range, the value of x ranged from -1.5 to -0.5 when the equation was applied in Kirdiashev et al. 

(1979), Ulaby and Wilson (1985), Pampaloni and Paloscia (1986), and Jackson and Schmugge (1991).  

The examples above demonstrate the wide range of parameters used for SCA-type models. As many of 

the values were obtained by tuning an SCA-type model, an important underlying factor contributing to the 

wide range is the coupling of the h, b and  parameters in the SCA model. This means that the same SM 
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value can be reached from multiple TB values with different combinations of the parameters. We further 

explored the relationship of the h, b and  parameters to the SM solution using the SCA with a fixed TB (270 

K) and VWC (1.5 kg/m2) values. Figure 6 shows the SM as a function of h and b parameters for three values 

of .  The isovalue contours highlight the range of b and h parameter values that result in the same SM 

solution. This is further exemplified by comparison with the parameterization used in Jackson et al. (2002) 

and Bindlish et al. (2006) for retrieving SM using an airborne C-band radiometer. The former used an h-

parameter of 0.3 for grass and 0.6 for stubble, which resulted in b = 0.75 for both land cover types after 

calibration using ground measurements, while the latter showed successful SM retrievals using an h-

parameter of 0.1 and b-parameters of 0.174 (=0.04) for corn and 0.438 (=0.07) for soybean based on the 

values presented in Jackson and O’Neill (1990).   

This study focused on calibration of the b and h parameters, both of which were found to be the relatively 

more sensitive parameters in the model compared to  (Panciera et al. 2009a; Seo et al. 2010; Wigneron et 

al. 2011). Njoku and Li (1999) suggested that ω may also have dependency on VWC, but the impact on TB 

should be small compared to the effect of VWC on τ. Figure 6 shows an example of the impact that  has on 

the magnitude of b. For example, for h=0.5 and SM=0.2 m3/m3, the b-parameter would be 0.15 for =0 and 

0.20 for =0.05, but the solution would not exist for =0.10. In the calibration, the desire was to choose the 

 value that allows a solution consistent with values presented in the literature. Pellarin et al. (2006) 

suggested that for cropland and grassland, ω ranges from 0.06-0.12 for C-band and 0.08-0.12 for X-band. 

The SMAP SCA algorithm uses 0.05 for ω over croplands and grasslands (Chan et al., 2016), while  varies 

from 0.05 to 0.12 in the mainstream L-band SM retrieval algorithms; see Table S1 in Li et al. (2022). 

Therefore, we assumed ω = 0.05 for L-band, and ω = 0.08 for both C- and X-band. The calibrated h and b 

values are tied to these selected  values. Other input parameters, such as soil classification, are given in 

Table II.  

Parameters b and h are calibrated simultaneously through two steps: 1) pre-set ranges of 0-1.5 for b and 0-

2 for h with a 0.01 interval, then retrieval of SM using all combinations of b and h by minimizing the cost 

function (CF): 

 

CF = ∑(𝑇𝐵𝑠𝑖𝑚 − 𝑇𝐵𝑜𝑏𝑠)
2,          (1) 
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where TBsim and TBobs are simulated and observed TB; and 2) determine the optimum combination of b and 

h with the smallest root-mean-squared-difference (RMSD) between retrieved and in situ SM: 

 

RMSD = √
∑(𝑆𝑀𝑟𝑒𝑡−𝑆𝑀𝑜𝑏𝑠)

2

𝑁
,         (2) 

where SMret and SMobs are retrieved and in situ observed SM, N is the number of SM data points in the time 

series.  

Because of the coupling of b and h mentioned earlier the calibration procedure resulted in ‘parallel’ 

solutions of b and h which produced a very similar RMSD, with the difference ranging within 0.001-0.005 

m3/m3. Therefore, in order to make a distinction between close parallel solutions from the calibration 

procedure, the unbiased RMSD (ubRMSD) was considered as a secondary selection criterion: for any other 

set of b and h that gives an RMSD no larger than 0.005 m3/m3 than the optimum RMSD, but ubRMSD is at 

least 0.01 m3/m3 smaller, this set of b and h will be adopted. Both parameters were calibrated for all 

frequencies and both polarizations. The calibrated parameters were then compared across different 

frequencies. SM retrieval was performed with the 2017 data set using the calibrated b and h for validation. 

The SMAP default parameters were also applied to compare against the result using calibrated parameters at 

L-band. 

 
Figure 6. Soil moisture solutions as a function of h, b and  parameters for TB=270 K and VWC = 1.5 kg/m2.  
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IV. RESULT AND DISCUSSION 

A. Calibration 

The optimized b and h parameters and their corresponding SM retrieval statistics are summarized for each 

site in Table III. The best-performing statistic for each of the polarizations is marked in bold for each metric 

and the better of the two polarizations is additionally highlighted with red. The retrieval statistics using SMAP 

default parameters suggested in the ATBD for L-band analysis are also included in the table as a comparison 

against calibrated parameters. They were aggregated from the 1-km IGBP land cover dependent b and h 

parameters to the 33-km SMAP pixel.  

When comparing with SMAP default parameters with the calibrated L-band parameters, b was smaller for 

most sites while h was larger. The calibrated parameters provide better RMSD and bias than the SMAP 

parameters. Conversely, the SMAP parameters provided slightly better ubRMSD for two (three) of the 

cropland sites, all (all) grassland sites, one (one) of the mixed sites for the V(H)-pol algorithm. Similarly, the 

SMAP parameter provide slightly better R for two (two) of the crop sites, one (one) grassland sites and two 

(one) mixed sites for the V(H)-pol algorithm. The calibration procedure seeks to optimize RMSD, which 

means that the result is effectively a compromise between bias and standard deviation (ubRMSD). Therefore, 

in many cases the calibrated result has better RMSD and bias than that of the original SMAP, which happens 

to achieve good ubRMSD and R with its parameterization at the expense of degraded bias. 

Calibrated C- and X-band b parameters for all sites are generally higher than the L-band one at H-pol, but 

could stay similar to or even the same as the L-band one at V-pol. This would suggest that at higher 

frequencies vegetation effects at V-pol are not as pronounced as at H-pol. The h parameters at C- and X-band 

are significantly higher than that at L-band, especially at V-pol, while the increment at H-pol is less obvious. 

As discussed in Section III, it is also possible that the high h-parameter values compensate for the b-parameter 

values, but definitive conclusion can be not drawn.  

When considering RMSD as the primary criterion, the best-performing metrics fall to L-band at V-pol, 

making it the ideal channel for retrieving accurate SM. Chan et al. (2016) came to a similar conclusion. For 

L-band, V-pol, the lowest RMSD is 0.020 m3/m3 for grassland, 0.029 m3/m3 for cropland, and 0.030 m3/m3 
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for mixed crop and grassland. Carman (cropland) stood out as a particularly problematic site and South Fork 

(cropland) also had considerably worse metrics compared to other sites. These are sites where the SMAP 

product has also challenges to meet a desirable performance standard (Chan et al., 2018). Colliander et al. 

(2019) investigated the retrieval issues at Carman and South Fork, and Walker et al. (2019) studied the effect 

of the seasonal vegetation and soil roughness cycle on the South Fork retrievals. These studies point to 

deficiencies in the SCA parameterization to account the conditions at these sites. For C- and X- band V(H)-

pol RMSD ranges from 0.030 (0.040) m3/m3 to 0.111 (0.172) m3/m3. It is noteworthy that even with the site-

specific parameter tuning, the result at C- and X-band were not satisfactory for several of the sites. For 

example, for Reynolds Creek (grasslands) R indicated virtually no skill.  

At L-band, the calibrated b (0.02-0.12) appears to be lower as compared to the SMAP default value of 

0.11-0.13 (weighted average based on IGBP landcover map for each site), and also lower than b values 

suggested in Colliander et al. (2016) for grassland and cropland (0.08-0.25). The calibrated h parameter (0.19-

1.11), however, has a significantly larger range than the SMAP default values (0.108-0.155), but is reasonable 

compared with the suggested values in previous studies (Panciera et al. 2009a; Panciera et al. 2009b; Saleh 

et al. 2009; Wigneron et al. 2007). The high h values may be a result of compensating low values of b or the 

choice of  as shown by Figure 10. 

 Figure 7 shows the time series of the retrieved SM with the above calibrated parameters at V-pol for L-, 

C- and X-band for REMEDHUS, Little Washita and Yanco, in comparison with in situ SM observation 

during the calibration period 2015-2016. L-band retrievals capture the full dynamic range and seasonal 

variability of the in situ SM throughout the study period. C- and X-band retrievals, however, appear less 

dynamic and without clear seasonal fluctuation, especially at Little Washita. The C- and X-band retrievals 

underestimated SM condition during the wet season and overestimated it during the dry season. 

 Scatter plots presented in Figure 8 tell a similar story. For REMEDHUS (croplands) and Yanco (mixed 

land cover), the SM retrieved at C-band and X-band tends to be wet-biased when SM < 0.2 m3/m3, and dry-

biased when SM > 0.2 m3/m3. Among the three categories, the retrieval is least scattered for REMEDHUS 

(croplands). 
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TABLE III 

CALIBRATED b AND h, CALIBRATION STATISTICS OF RETRIEVED AGAINST IN SITU SOIL MOISTURE AND RETRIEVAL STATISTICS USING 

SMAP DEFAULT b AND h OVER CORE VALIDATION SITES FOR 2015-2016 TIME PERIOD (BOLD NUMBERS INDICATE THE BEST 

PERFORMANCE FOR EACH POLARIZATIONS AND RED NUMBERS INDICATE THE BETTER OF THE TWO POLARIZATIONS). 

Band, pol b h RMSD 
Mean 

Dif. 

ub. 

RMSD 
R 

Band, pol 
b h RMSD 

Mean 

Dif. 

ub. 

RMSD 
R 

CARMAN (Crop) KENASTON (Crop) 

SMAP, H 0.110 0.108 0.112 -0.067 0.090 0.37 SMAP, H 0.110 0.109 0.057 -0.043 0.037 0.74 

L-band, H 0.10 0.21 0.110 -0.062 0.091 0.37 L-band, H 0.03 0.91 0.036 -0.005 0.035 0.76 

C-band, H 0.12 1.61 0.166 -0.118 0.117 0.17 C-band, H 0.13 2.31 0.067 -0.034 0.058 0.46 

X-band, H 0.12 1.95 0.172 -0.123 0.120 0.15 X-band, H 0.13 2.80 0.074 -0.041 0.062 0.44 

SMAP, V 0.110 0.108 0.094 -0.060 0.073 0.43 SMAP, V 0.110 0.109 0.036 -0.024 0.029 0.76 

L-band, V 0.12 0.19 0.092 -0.044 0.080 0.43 L-band, V 0.03 0.78 0.029 -0.002 0.029 0.71 

C-band, V 0.12 0.65 0.088 -0.032 0.082 0.29 C-band, V 0.03 0.92 0.030 -0.002 0.030 0.65 

X-band, V 0.12 0.71 0.095 -0.039 0.087 0.23 X-band, V 0.03 0.92 0.032 -0.008 0.031 0.60 

REMEDHUS (Crop) SOUTH FORK (Crop) 

SMAP, H 0.110 0.109 0.040 -0.022 0.034 0.90 SMAP, H 0.110 0.108 0.105 -0.078 0.070 0.59 

L-band, H 0.03 0.51 0.037 -0.013 0.035 0.89 L-band, H 0.10 0.31 0.101 0.059 0.082 0.56 

C-band, H 0.15 1.62 0.040 -0.008 0.039 0.68 C-band, H 0.10 1.81 0.165 -0.123 0.111 0.42 

X-band, H 0.17 2.07 0.047 -0.008 0.047 0.55 X-band, H 0.10 2.17 0.159 -0.105 0.120 0.40 

SMAP, V 0.110 0.109 0.037 -0.007 0.037 0.89 SMAP, V 0.110 0.108 0.090 -0.074 0.051 0.63 

L-band, V 0.03 0.26 0.033 -0.010 0.031 0.88 L-band, V 0.11 0.46 0.076 -0.039 0.065 0.64 
C-band, V 0.03 0.26 0.075 0.062 0.044 0.50 C-band, V 0.11 0.83 0.085 -0.031 0.079 0.43 

X-band, V 0.03 0.26 0.070 0.052 0.047 0.35 X-band, V 0.11 0.83 0.092 -0.013 0.091 0.38 

LITTLE WASHITA (Grass) REYNOLDS CREEK (Grass) 

SMAP, H 0.130 0.155 0.064 -0.059 0.026 0.89 SMAP, H 0.129 0.155 0.067 -0.056 0.037 0.66 

L-band, H 0.07 0.81 0.046 -0.019 0.042 0.89 L-band, H 0.02 1.10 0.055 -0.012 0.054 0.72 

C-band, H 0.12 3.78 0.051 -0.018 0.048 0.72 C-band, H 0.12 2.70 0.075 -0.005 0.074 0.38 

X-band, H 0.14 3.84 0.058 -0.038 0.044 0.67 X-band, H 0.12 2.80 0.079 -0.003 0.079 0.20 

SMAP, V 0.130 0.155 0.034 -0.025 0.024 0.92 SMAP, V 0.129 0.155 0.058 -0.040 0.042 0.67 

L-band, V 0.05 0.76 0.032 -0.011 0.030 0.92 L-band, V 0.02 0.98 0.052 -0.011 0.051 0.74 

C-band, V 0.05 1.65 0.042 -0.003 0.042 0.62 C-band, V 0.02 0.98 0.102  0.067 0.076 0.25 
X-band, V 0.05 1.65 0.047 0.011 0.045 0.54 X-band, V 0.02 0.98 0.111  0.079 0.079 0.09 

TxSON (Grass) FORT COBB (Mixed) 

SMAP, H 0.127 0.153 0.083 -0.081 0.021 0.96 SMAP, H 0.129 0.153 0.090 -0.083 0.035 0.84 

L-band, H 0.08 0.78 0.024 -0.006 0.023 0.94 L-band, H 0.03 0.92 0.057 -0.027 0.050 0.85 

C-band, H 0.21 3.10 0.085 -0.024 0.081 0.42 C-band, H 0.10 3.60 0.100 -0.052 0.086 0.59 

X-band, H 0.21 3.80 0.094 -0.022 0.092 0.27 X-band, H 0.10 3.92 0.103 -0.051 0.089 0.53 

SMAP, V 0.127 0.153 0.042 -0.038 0.018 0.97 SMAP, V 0.129 0.153 0.063 -0.056 0.029 0.87 

L-band, V 0.10 0.42 0.020  0.003 0.020 0.95 L-band, V 0.02 0.92 0.040 -0.013 0.038 0.88 

C-band, V 0.10 1.16 0.070  0.000 0.070 0.46 C-band, V 0.03 2.30 0.054 -0.012 0.053 0.49 
X-band, V 0.10 1.24 0.077 -0.003 0.077 0.27 X-band, V 0.03 2.30 0.055 0.005 0.054 0.44 

KYEAMBA (Mixed) LITTLE RIVER (Mixed) 

SMAP, H 0.120 0.135 0.184 0.097 0.160 0.88 SMAP, H 0.110 0.127 0.055 0.026 0.048 0.84 

L-band, H 0.02 0.56 0.060 -0.014 0.058 0.88 L-band, H 0.02 1.04 0.045 0.007 0.044 0.81 

C-band, H 0.12 2.75 0.128 -0.047 0.119 0.52 C-band, H 0.09 2.20 0.069 -0.026 0.062 0.56 
X-band, H 0.12 3.15 0.121 -0.049 0.111 0.50 X-band, H 0.09 2.64 0.071 -0.025 0.064 0.50 

SMAP, V 0.120 0.135 0.119 0.067 0.099 0.92 SMAP, V 0.110 0.127 0.072 0.062 0.036 0.86 

L-band, V 0.02 0.41 0.048 -0.004 0.048 0.91 L-band, V 0.02 0.60 0.030 0.008 0.029 0.85 

C-band, V 0.05 1.56 0.104 -0.002 0.104 0.49 C-band, V 0.02 1.00 0.051 0.005 0.050 0.40 

X-band, V 0.05 1.56 0.110  0.016 0.109 0.41 X-band, V 0.02 1.00 0.053 0.001 0.053 0.31 

TWENTE (Mixed) YANCO (Mixed) 

SMAP, H 0.110 0.120 0.121 0.053 0.109 0.83 SMAP, H 0.122 0.138 0.063 0.013 0.061 0.95 

L-band, H 0.02 1.11 0.063 -0.027 0.057 0.86 L-band, H 0.06 0.24 0.038 -0.011 0.036 0.95 

C-band, H 0.04 3.08 0.078 -0.035 0.070 0.74 C-band, H 0.30 0.72 0.098 -0.069 0.069 0.79 

X-band, H 0.04 3.57 0.080 -0.034 0.073 0.69 X-band, H 0.30 1.36 0.102 -0.071 0.075 0.74 

SMAP, V 0.110 0.120 0.075 0.038 0.065 0.87 SMAP, V 0.122 0.138 0.056 0.029 0.047 0.96 

L-band, V 0.02 1.00 0.040 -0.009 0.039 0.88 L-band, V 0.06 0.06 0.031 -0.003 0.031 0.96 

C-band, V 0.04 1.06 0.059  0.000 0.059 0.53 C-band, V 0.12 1.10 0.073  0.029 0.068 0.70 

X-band, V 0.04 1.45 0.066 -0.003 0.066 0.38 X-band, V 0.12 1.22 0.079  0.031 0.073 0.64 
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Figure 7. Soil moisture retrieval using the calibrated forward model parameters at L-band, C-band and X-band at V-

pol together with soil moisture ‘truth’ from in situ monitoring stations at REMEDHUS, Little Washita and Yanco from 

April 2015 to December 2016.  
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Figure 8. Scatter plots of retrieved (x-axis) against in situ soil moisture (y-axis) at L-band, C-band and X-band at V-pol 

for REMEDHUS, Little Washita and Yanco for the period of 2015-2016. The colors reflect the normalized point 

density. 

 

 Figure 9 shows the simulated TB using calibrated parameters against the observed TB at L-band, C-band 

and X-band at V-pol for REMEDHUS, Little Washita and Yanco. This shows that as the calibration 

minimizes the RMSD in SM, the simulated and observed TB match each other well (RMSD: 4.4 K–6.7 K; 

R: 0.89–0.97). As indicated by the overall higher emissivity (Figure 4), a larger relative portion of the TB 

range is a direct consequence of the variability in the physical temperature at C- and X-band than at L-band. 

This is one of the reasons why it is beneficial to conduct the calibration in SM space as opposed to TB space, 

because then the physical temperature variations (rather than the desired SM variations) cannot dominate the 

parameter optimization.  
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Calibrated b and h parameters are plotted against frequency in Figure 10 and Figure 11, respectively. At 

L-band, parameters of H-pol and V-pol cover a relatively small range across the land cover types. As the 

frequency increases, except for TxSON and Yanco, b increases significantly at H-pol and a little at V-pol. 

For the h parameter, it appears that there is an increasing relationship against frequency for both H- and V-

pol. The slope from L-band to C-band was generally larger than from C-band to X-band. The exceptions are 

the V-pol values for Kenaston and REMEDHUS where the h parameter remained constant over frequency. 

While the increment at H-pol reaches to around 3-4 at X-band, the maximum roughness parameters is slightly 

larger than 2 at V-pol at X-band. As Figure 10 shows, the h values are affected by the choice of , but the 

high values of h are regardless problematic for the SM retrieval because they suppress the effect of soil 

emissivity changes on the observed TB and therefore the effect of SM. And it appears the optimization has 

the tendency to favor this suppression, which does not bode well for SM retrieval. This is a further indication 

that the C- and X-band TB is dominated by the surface temperature instead of SM to a degree that makes an 

accurate SM retrieval challenging, at least with SCA-type approach.  
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Figure 9. Scatter plots of simulated TB using calibrated parameters against observed TB at L-band, C-band and X-

band at V-pol for REMEDHUS, Little Washita and Yanco for the period of 2015-2016. The colors reflect the 

normalized point density. 
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Figure 10. Calibrated vegetation parameter b for H-pol (left) and V-pol (right) for L-, C-, and X-band at core 

validation sites. 

 
Figure 11. Calibrated roughness parameter h for H-pol (left) and V-pol (right) for L-, C-, and X-band at core 

validation sites. 

 



Gao, Y. et al. Multi-frequency radiometer-based soil moisture retrieval and algorithm parameterization 

using in situ sites. (2022). Remote Sens. Environ. 279(1–14):113113. DOI: 10.1016/j.rse.2022.113113 

 

24 

 

B. Validation 

 

Table IV shows the validation statistics of the SM retrieval using the calibrated parameters for L-, C- and 

X-band over the year of 2017, including the retrieval statistics with the SMAP default parameters for L-band 

as a comparison. It can be seen from the table that for L-band, except for Twente, in which SMAP default 

parameters outperform the calibration by approximately 0.01 m3/m3 in terms of RMSD at both H- and V-pol, 

our calibrated retrieval for all other sites improved the RMSD by 0.002-0.037 m3/m3 at V-pol, and by 0.004-

0.041 m3/m3 at H-pol. The SMAP parameters have a superior performance in unbiased RMSD at some of the 

grassland or cropland sites, while their corresponding biases are relatively large (0.021-0.068 m3/m3). In most 

cases, the R values were very comparable further emphasizing the point that while the parametrization 

improved the bias and RMSD, the parameterization has only a limited impact on the SM measurement 

sensitivity. One exception to this rule is Kenaston (crop lands) where the parameterization also improved R 

substantially. 

For C- and X-band, the retrieval performance in the validation period was similar to the performance 

during the calibration period. The V(H)-pol ubRMSD ranged from 0.030 (0.044) to 0.091 (0.121) m3/m3 as 

compared with 0.030 (0.039) to 0.109 (0.120) m3/m3 during the calibration process. As expected, the L-band 

retrieval outperformed the C- and X-band retrieval based on all metrics. Table V shows the averaged 

validation metrics across all sites. For example, the average R for parameterized L-band V(H)-pol retrieval 

was 0.81 (0.77) whereas it was 0.52 (0.54) and 0.45 (0.47) for the C- and X-band, respectively. The 

outperformance at L-band confirms its better overall sensitivity to SM discussed in Section II.B and reported 

in theoretical and experimental studies in literature (e.g., Schmugge et al., 1986; Ulaby et al., 1996; Al-Yaari 

et al., 2019). Between the C- and X-band performance, R was slightly in favor of C-band (as expected because 

of the longer wavelength), but otherwise there was no practical difference in the metrics. In general, R was 

remarkably low for both the C- and X-band retrievals.  
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TABLE IV 

VALIDATION STATISTICS OF RETRIEVED AGAINST IN SITU SOIL MOISTURE USING CALIBRATED b AND h FOR YEAR 2017. 

 

Band, Pol. b h RMSD 
Mean 

Dif. 

ub. 

RMSD 
R 

Band, pol 
b h RMSD 

Mean 

Dif. 

ub. 

RMSD 
R 

CARMAN (Crop) KENASTON (Crop) 

SMAP, H 0.110 0.108 0.114 -0.034 0.109 0.62 SMAP, H 0.110 0.109 0.056 -0.046 0.031 0.69 

L-band, H 0.10 0.21 0.110 -0.032 0.106 0.63 L-band, H 0.03 0.91 0.039 -0.014 0.036 0.81 

C-band, H 0.12 1.61 0.158 -0.134 0.121 0.17 C-band, H 0.13 2.31 0.067 -0.034 0.058 0.46 

X-band, H 0.12 1.95 0.145 -0.114 0.115 0.13 X-band, H 0.13 2.80 0.074 -0.041 0.062 0.44 

SMAP, V 0.110 0.108 0.074 -0.021 0.069 0.68 SMAP, V 0.110 0.109 0.037 -0.026 0.027 0.79 

L-band, V 0.12 0.19 0.072 -0.003 0.072 0.66 L-band, V 0.03 0.78 0.026 -0.003 0.026 0.86 

C-band, V 0.12 0.65 0.089 -0.024 0.081 0.29 C-band, V 0.03 0.92 0.030 -0.002 0.030 0.65 
X-band, V 0.12 0.71 0.091 -0.028 0.085 0.27 X-band, V 0.03 0.92 0.032 -0.008 0.031 0.60 

REMEDHUS (Crop) SOUTH FORK (Crop) 

SMAP, H 0.110 0.109 0.053 -0.024 0.047 0.65 SMAP, H 0.110 0.108 0.099 -0.059 0.080 0.68 

L-band, H 0.03 0.51 0.054 -0.032 0.043 0.63 L-band, H 0.10 0.31 0.101 -0.038 0.093 0.69 

C-band, H 0.15 1.62 0.053 -0.008 0.052 0.64 C-band, H 0.10 1.81 0.165 -0.123 0.111 0.42 
X-band, H 0.17 2.07 0.055 -0.010 0.048 0.53 X-band, H 0.10 2.17 0.159 -0.105 0.120 0.40 

SMAP, V 0.110 0.109 0.049 -0.010 0.048 0.69 SMAP, V 0.110 0.108 0.080 -0.058 0.056 0.80 

L-band, V 0.03 0.26 0.044 -0.009 0.043 0.68 L-band, V 0.11 0.46 0.080 -0.022 0.078 0.78 

C-band, V 0.03 0.26 0.074 0.036 0.066 0.48 C-band, V 0.11 0.83 0.085 -0.031 0.079 0.43 

X-band, V 0.03 0.26 0.074 0.038 0.067 0.42 X-band, V 0.11 0.83 0.092 -0.013 0.091 0.38 

LITTLE WASHITA (Grass) REYNOLDS CREEK (Grass) 

SMAP, H 0.130 0.155 0.073 -0.069 0.022 0.88 SMAP, H 0.129 0.155 0.093 -0.080 0.048 0.66 

L-band, H 0.07 0.81 0.038 -0.007 0.028 0.86 L-band, H 0.02 1.10 0.059 -0.028 0.053 0.62 

C-band, H 0.12 3.78 0.051 -0.018 0.048 0.72 C-band, H 0.12 2.70 0.085 -0.017 0.073 0.42 

X-band, H 0.14 3.84 0.058 -0.038 0.044 0.67 X-band, H 0.12 2.80 0.088 -0.020 0.085 0.40 

SMAP, V 0.130 0.155 0.041 -0.035 0.020 0.90 SMAP, V 0.129 0.155 0.081 -0.066 0.047 0.68 

L-band, V 0.05 0.76 0.026 0.000 0.026 0.88 L-band, V 0.02 0.98 0.053 -0.016 0.047 0.62 

C-band, V 0.05 1.65 0.042 -0.003 0.042 0.62 C-band, V 0.02 0.98 0.092  0.067 0.075 0.26 

X-band, V 0.05 1.65 0.047 0.011 0.045 0.54 X-band, V 0.02 0.98 0.099  0.055 0.074 0.14 

TxSON (Grass) FORT COBB (Mixed) 

SMAP, H 0.127 0.153 0.089 -0.087 0.020 0.91 SMAP, H 0.129 0.153 0.098 -0.092 0.034 0.87 

L-band, H 0.08 0.78 0.048 -0.044 0.019 0.91 L-band, H 0.03 0.92 0.069 -0.033 0.061 0.86 

C-band, H 0.21 3.10 0.085 -0.024 0.081 0.42 C-band, H 0.10 3.60 0.089 -0.042 0.076 0.65 

X-band, H 0.21 3.80 0.094 -0.022 0.092 0.27 X-band, H 0.10 3.92 0.098 -0.045 0.086 0.51 

SMAP, V 0.127 0.153 0.046 -0.042 0.019 0.91 SMAP, V 0.129 0.153 0.074 -0.068 0.031 0.88 

L-band, V 0.10 0.42 0.034 -0.029 0.018 0.91 L-band, V 0.02 0.92 0.051 -0.024 0.045 0.88 

C-band, V 0.10 1.16 0.070  0.000 0.070 0.46 C-band, V 0.03 2.30 0.054 -0.023 0.053 0.46 

X-band, V 0.10 1.24 0.077 -0.003 0.077 0.27 X-band, V 0.03 2.30 0.056 0.025 0.053 0.44 

KYEAMBA (Mixed) LITTLE RIVER (Mixed) 

SMAP, H 0.120 0.135 0.106 0.042 0.098 0.82 SMAP, H 0.110 0.127 0.068 0.035 0.058 0.69 

L-band, H 0.02 0.56 0.044 0.007 0.044 0.85 L-band, H 0.02 1.04 0.055 0.016 0.053 0.64 

C-band, H 0.12 2.75 0.099 -0.048 0.092 0.54 C-band, H 0.09 2.20 0.069 -0.026 0.062 0.56 

X-band, H 0.12 3.15 0.102 -0.051 0.098 0.54 X-band, H 0.09 2.64 0.071 -0.025 0.064 0.50 

SMAP, V 0.120 0.135 0.097 0.049 0.083 0.83 SMAP, V 0.110 0.127 0.083 0.071 0.043 0.73 
L-band, V 0.02 0.41 0.053 0.025 0.046 0.84 L-band, V 0.02 0.60 0.046 -0.032 0.032 0.71 

C-band, V 0.05 1.56 0.080 -0.011 0.079 0.44 C-band, V 0.02 1.00 0.051 0.005 0.050 0.40 

X-band, V 0.05 1.56 0.085  0.022 0.083 0.45 X-band, V 0.02 1.00 0.053 0.001 0.053 0.31 

TWENTE (Mixed) YANCO (Mixed) 

SMAP, H 0.110 0.120 0.083 -0.012 0.082 0.79 SMAP, H 0.122 0.138 0.028 -0.014 0.024 0.91 

L-band, H 0.02 1.11 0.094 -0.076 0.055 0.78 L-band, H 0.06 0.24 0.035 -0.028 0.021 0.91 

C-band, H 0.04 3.08 0.087 -0.035 0.084 0.71 C-band, H 0.30 0.72 0.098 -0.069 0.069 0.79 

X-band, H 0.04 3.57 0.075 -0.034 0.069 0.48 X-band, H 0.30 1.36 0.102 -0.071 0.075 0.74 

SMAP, V 0.110 0.120 0.057 -0.017 0.055 0.85 SMAP, V 0.122 0.138 0.029 0.013 0.026 0.89 

L-band, V 0.02 1.00 0.068 -0.053 0.042 0.86 L-band, V 0.06 0.06 0.023 -0.006 0.023 0.89 

C-band, V 0.04 1.06 0.063  0.020 0.061 0.52 C-band, V 0.12 1.10 0.073  0.029 0.068 0.70 

X-band, V 0.04 1.45 0.059 -0.014 0.057 0.29 X-band, V 0.12 1.22 0.079  0.031 0.073 0.64 
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TABLE V. AVERAGED VALIDATION STATISTICS ACROSS ALL SITES 

Band, Pol. RMSD Mean Dif. ubRMSD R 

SMAP, H 0.080 -0.037 0.054 0.76 

L-band, H 0.062 -0.026 0.051 0.77 

C-band, H 0.092 -0.048 0.077 0.54 

X-band, H 0.093 -0.048 0.080 0.47 

SMAP, V 0.064 -0.016 0.043 0.82 
L-band, V 0.048 -0.017 0.040 0.81 

C-band, V 0.066 0.004 0.062 0.52 

X-band, V 0.068 0.012 0.064 0.45 

 

V. CONCLUSION 

This study conducted a comparison of L-, C- and X-band passive microwave observations from SMAP 

and AMSR2 at 12 in situ sites around the globe with grasslands, croplands or mixed of both from April 2015 

to December 2017. It also presented a tau-omega model parameterization of vegetation parameter b (with a 

fixed  for each frequency band) and roughness parameter h, and SM retrieval at L-, C-, and X-band at these 

12 validation sites. Calibrated parameters for the C- and X-band SCA have not been available in the literature 

before (unlike L-band). The relationship between the parameters and frequency indicates that observations 

at V-pol are less sensitive to both vegetation and roughness changes as compared to H-pol. For the SM 

retrieval accuracy, L-band at V-pol performs the best among all channels with an ubRMSD ranging from 

0.020-0.080 m3/m3. The accuracy for C- and X-band at V-pol is lower than those observed at L-band for most 

of the sites considered, with an overall ubRMSD range of 0.030-0.104 m3/m3. The validation results show 

that the calibration of the b and h parameters improved the L-band RMSD accuracy by 0.002-0.041 m3/m3 

with respect to the SMAP default parameters.  

The study is limited by available core validation sites. The set of sites represent the best sites that have 

enough SM sampling within the footprint to allow the estimation of the footprint-scale average soil moisture, 

but together they cover only a particular set of land cover, soil texture, hydrological and climatological 

conditions. Also, the time-series at the time of conducting the analysis was bounded to three growing cycles 

in the northern hemisphere.   

Within its limitations, this study confirms earlier theoretical and experimental results that L-band SM 

retrieval performance is superior to C- and X-band performance. Moreover, retrieval of SM with C- and X-

band is severely challenged over several sites, even with the site-specifically calibration of parameters, at 

least when using an SCA highlighting the importance for the continuity of L-band TB measurements to 
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enable continuity of global high-quality SM retrievals. Nevertheless, the derived parameter combinations (h, 

b, ) for each frequency can be used as a starting point for global SM retrieval algorithms, using either one 

of the frequencies or a combination of them. The work is also applicable to longer time-series data available 

from SMOS and AMSR-E dating back to 2002. In the future, missions such as CIMR (Copernicus Imaging 

Microwave Radiometer; Donlon 2020) are expected to continue the L-, C- and X-band measurements, 

making them simultaneously and adding further potential for using them together in a complementary fashion 

accounting for the strengths and weaknesses of each frequency.  
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