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Abstract. Passive radiometry at L-band has been widely accepted as one of the most 

promising techniques for monitoring soil moisture content (SMC). However, with vegetation 

cover, the scatter and attenuation of microwave signals by vegetation make the discrimination 

of SMC related signal complicated. To improve SMC estimate, this study proposed the 

combined use of L-band brightness temperature (TB) and optical remote sensing data to take 

into account the effect of vegetation. The normalized difference infrared index (NDII) and 

enhanced vegetation index (EVI) were used as proxy for including the effect of vegetation 

water content and structure. Considering viewing angle effects, TB data were normalized to 

three different angles (7°, 21.5°, and 38.5°). The model based on the combination of NDII and 

horizontally polarized TB normalized to 7° produced the best result (R2=0.678, RMSE=0.026 

m3/m3). It suggests that involving NDII into the model could significantly improve pasture 

covered SMC estimation accuracy. 
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1. Introduction 

Soil moisture is a critical factor in many land applications such as hydrology [1], flood forecasting [2], 

and precision agriculture [3]. Therefore, it is important to get reliable information on the 

spatio-temporal variations of near-surface soil moisture. Soil moisture estimates are traditionally 

based on contact-based methods that measure the electrical resistivity, or on gravimetric methods that 

measure the volume of water. But these point measurements are time-consuming and often not 

applicable to large areas [4]. Microwave remote sensing methods including passive microwave 

radiometer and active microwave (radar) deployed on either airborne or spaceborne platforms offer 

an effective way for retrieving spatial soil moisture estimates at different scales. In the past decades, 

passive microwave radiometer data have shown their increasing potential for quantifying and 

monitoring soil moisture [5, 6, 7, 8]. Particularly, L-band brightness temperature (TB) has been 

widely accepted as one of the most promising techniques for quantifying soil moisture. A number of 

field experiments have demonstrated that L-band TB has high sensitivity to moisture status and has a 

nearly linear relationship with near-surface soil moisture, providing that vegetation conditions or soil 

characters are uniform [9, 10, 11, 12]. In addition, L-band has been utilized and dedicated to Soil 

Moisture and Ocean Salinity (SMOS) mission [13], and NASA’s Soil Moisture Active /Passive 

(SMAP) mission [14]. 

 
 

Although passive microwave radiation at L-band can penetrate vegetation canopies to a certain 

extent, the difficulty in estimating soil moisture significantly increases in the presence of vegetation. 

The main reason is that vegetation canopies can scatter and attenuate microwave radiation from soil 

surface, and also emit their own energy, so the signal received is modified such that the discriminate 

component of the signal due to soil moisture becomes complex [15, 16]. Therefore, the effects of 

vegetation must be taken into account when retrieving soil moisture with vegetation cover. Wigneron 

et al. [15] pointed out that the effects of vegetation can be well approximated by a simple radiative 

transfer model based on the optical depth, which could be derived from vegetation indices. The study 

of Wang et al. [16] showed that deseasonalized time series of root-zone soil moisture and normalized 

difference vegetation index (NDVI) have a nearly linear relationship. Pause et al. [4] reported that 

soil moisture estimation was improved by combining airborne L-band TB observations with leaf area 

index (LAI) retrieved from hyperspectral image data. Cho et al. [17] found that the relationship 

between enhanced vegetation index (EVI) and soil moisture is nearly linear as a function of the 



fraction of vegetation cover. The aforementioned studies all demonstrated that vegetation related 

information has a considerable correlation to soil moisture. However the combination of L-band TB 

with vegetation related information, such as vegetation structure and vegetation water content 

(VWC), have not been quantitatively investigated for soil moisture retrieval. Thus, the objectives of 

this study are to (1) determine whether a multivariate linear model based on a combination of L-band 

TB and vegetation structure related vegetation index could increase estimation accuracy; and (2) 

demonstrate if soil moisture estimation accuracy could be improved by combining L-band TB with 

vegetation water content. We tested the use of normalized difference infrared index (NDII) and EVI, 

which were calculated from Landsat 5 Thematic Mapper (TM) images, to represent VWC and 

vegetation structure, respectively. 

2. Data Sources 

2.1. Ground Sampling Data from SMAPEx-3 

The study site and data sets of the third Soil Moisture Active Passive Experiment (SMAPEx-3) [18] 

were used in this study. The SMAPEx-3 was undertaken in the Yanco area (145°50′ to 146°21′ E, 

34°40′ to 35°0′ S) located in the western plains of the Murrumbidgee Catchment, Australia. The 

topography of the study area is flat with altitude no more than 150 m. This region is characterized by 

semi-arid agricultural and grazing area. The analyses in this study were mainly based on sampling 

data from three grazing areas. The three-week long campaign was conducted from September 5th to 

September 23rd, 2011.  

 

The near surface (0-5 cm) soil moisture measurements were acquired along 250 m spaced regular 

grids using the Hydra-probe Data Acquisition System (HDAS) [19] for each flight day. To improve 

the accuracy and efficiency of ground sampling, a measurement grid was uploaded on the HDAS 

screen. Three replicate measurements were taken at each predefined sampling location and then 

averaged to account for small-scale soil moisture variation. Because the spatial resolution of L-band 

TB data was 1 km, the average value of about 16 soil moisture measurements was used to represent 

soil moisture of a 1 km × 1 km grid. Thus, a total of 32 soil moisture measurements were obtained. 

Coincident with soil moisture sampling activities, the vegetation samples for LAI and VWC were 

also collected in the corresponding area. LAI observations were obtained by an LAI-2000 Plant 

Canopy Analyzer. At each location, an approximate 0.25 m2 area of vegetation within the area was 

clipped at ground level and then sent to laboratory for VWC measurements. The detailed sampling 

protocol was further described in Panciera et al. [18]. 

2.2. L-band TB Data 

L-band TB was measured at two polarizations using the Polarimetric L-band Multi-beam Radiometer 

(PLMR) deployed on a light aircraft. The PLMR observes at both horizontal and vertical polarization 

using a polarization switch, with viewing angles of ±7°，±21.5° and ±38.5°. A footprint size of 

nearly 1 km was achieved with a flying altitude of 3 km. The details of before and after flight 

calibrations, radiometric calibration and final geo-rectification can be found in Monerris et al. [20]. 

The output data were time sequential datasets of six beam position TB values with geo-reference for 

each flight line. The TB data collected on September 5th, September 18th, September 19th and 

September 21th, 2011 were used in the study for analyses.  

 

To effectively use TB data for retrieving soil moisture, the varying viewing angles should be taken 

into account through a normalization procedure [21]. For this study, the data were normalized to 7°，

21.5° and 38.5°, respectively, to evaluate the influence of viewing angle on soil moisture retrieval. 

Taking the normalized horizontal polarization TB to 7°, for example, a correction factor was first 

computed for each beam position (BP) by deducting its mean from the average value of BP 3 and BP 

4, and then this factor was added to all data point for that BP. The processed and geo-referenced TB 

values were mapped at a resolution of 1 km. Fig. 1 presents the maps of L-band TB normalized to 7° in 

horizontal and vertical polarization acquired on September 5th, 2011. 



 

Fig.1. Example of L-band TB normalized to 7° in horizontal (a) and vertical (b) polarization acquired on 

September 5th, 2011. 

 

Due to the relatively low flying height, atmospheric contribution on L-band TB could be neglected. 

Consequently, the TB data were normalized and divided by the ground measured soil temperature (Ts) 

to remove difference in observed TB due to seasonal Ts changes. 

2.3. Landsat 5 Thematic Mapper Data 

Two images of clear sky Landsat 5 TM, acquired on September 2nd and September 18th, 2011, were 

used in this study. These two images provided concurrent measurements during the SMAPEx-3 

campaign. Because the changes in vegetation (biomass, VWC and vegetation structure) are negligible 

within a week, a time shift of two or three days to the L-band TB data acquisition could be acceptable. 

TM surface reflectance values were obtained by applying the atmospheric correction algorithm in 

ENVI FLAASH. 

3. Methods 

3.1. Using Enhanced Vegetation Index as an Indicator of Vegetation Structure 

LAI is an important vegetation structure parameter and is commonly estimated by vegetation indices. 

According to the existing research, EVI has widely accepted as one of optimal vegetation indices for 

LAI retrieval due to its capability in reducing atmospheric and soil interference [22, 23]. Through the 

statistical analysis of pasture LAI, most of the LAI values from SMAPEx-3 fell into the interval of [0, 

3]. Because the relationship between LAI and EVI is nearly linear when LAI is less than three [24, 

25], EVI is used as a proxy of LAI in this study and can be computed according to Eq. (1). 

                          𝐸𝑉𝐼 = 2.5
𝑅𝑁𝐼𝑅−𝑅𝑅

𝑅𝑁𝐼𝑅+6𝑅𝑅−7.5𝑅𝐵+1
                         (1) 

where RNIR , RR and RB represent the reflectance of near-infrared channel (780-900 nm),red channel 

(630-690 nm) and blue channel (450-520 nm), respectively. 

3.2. Using Normalized Difference Infrared Index as an Indicator of VWC 

Many studies [26, 27, 28] have explored the utility of Landsat TM images in retrieving VWC. It has 

been found that NDII is the most appropriate index for VWC retrieval using Landsat TM images. 

Therefore, NDII is utilized as a proxy of VWC in this study since the relationship between NDII and 

VWC is approximately linear [29, 30]. The NDII could be calculated according to Eq. (2). 

                          𝑁𝐷𝐼𝐼 =
𝑅𝑁𝐼𝑅−𝑅𝑆𝑊𝐼𝑅

𝑅𝑁𝐼𝑅+𝑅𝑆𝑊𝐼𝑅
                       (2) 



where RNIR and RSWIR represent the reflectance of near-infrared channel (780-900 nm) and shortwave 

infrared channel (1550-1750 nm), respectively. 

3.3. Image Registration 

To determine whether involving TM vegetation data can reduce the effect of vegetation on 

microwave signal and improve soil estimation accuracy, horizontal polarization and vertical 

polarization L-band TB data normalized to three different viewing angles were respectively combined 

with NDII and EVI in turn for soil moisture estimation. Because TB data and vegetation data derived 

from Landsat 5 TM imageries have different spatial resolution, it is necessary to resample the EVI 

and NDII maps of 30 m x 30 m to 1 km × 1 km pixel. EVI and NDII maps were down-sampled using 

the nearest neighbor interpolation algorithm in this study.  

3.4. Multivariate Linear Regression Modelling 

The previous studies demonstrated that the relationship between L-band TB and soil moisture is 

nearly linear (Merlin et al., 2008; Panciera et al., 2014), and the relationship between vegetation 

related data and soil moisture is also approximately linear [16, 17]. Therefore, a multivariate linear 

regression model was adopted in this study to estimate soil moisture as a weighted sum of L-band TB 

data and a vegetation related measurement. The model is trained as  

                             𝒀 = 𝑿𝛽 + 𝜀                         (3) 

where the dependent variable Y is an n × 1 vector for the soil moisture content with n being the 

number of training samples; the independent variable X is an n × 2 matrix of the two observed values 

for each training sample. One observed value is the TB of a given viewing angle under a given 

polarization, and the other is the vegetation information (NDII or EVI). The β is a 2 × 1 vector of 

regression coefficients and ε is an n × 1 vector of residuals. The regression coefficients were obtained 

by minimizing a least square cost function of Eq. (3). Three viewing angles under two polarizations 

were tested by applying the multivariate regression model with TB and NDII, or with TB and EVI.  

3.5. Validation 

Due to the limited number of samples in this study, leave-one-out cross validation (LOOCV) was 

utilized to assess the overall performance of different models. This meant that 32 individual 

calibration models were developed for each method. The average coefficient of determination (R2
avg) 

and average root mean square error (RMSEavg) of 32 calibration models were used to evaluate the 

calibration accuracy. The coefficient of determination for LOOCV (R2
cv) and root mean square error 

for LOOCV (RMSEcv) were selected to further compare the performances of various models. The 

proposed models TB +EVI and TB +NDII were compared with the case of using TB only for three 

viewing angles of two polarizations.  

4. Results 

4.1. Multivariate Linear Regression Using the Combination of TB and EVI 

Table 1 gives the comparison results on the performance of the multivariate linear regression models. 

It shows that TB+EVI produced little better (or similar) results than those with the TB only for both 

calibration and LOOCV analyses. In the multivariate linear regression analyses, models involving 

horizontal (H) polarization TB performed considerably better than those involving vertical (V) 

polarization TB. Of them, the model based on the combination of EVI and horizontal polarization TB 

normalized to 7° yielded the best results for both calibration (R2
avg=0.686, RMSEavg=0.026 m3/m3) 

and validation (R2
cv=0.572, RMSEcv=0.029 m3/m3). The followed were models involving horizontal 

polarization TB normalized to 38.5°. The models involving horizontal polarization TB normalized to 

21.5° performed the worst. 

 

 

Table 1 Performance of the multivariate linear regression models based on the combination of L-band TB and EVI for 

predicting soil moisture. 

  Calibration   Validation 

  R2
avg RMSEavg (m3/m3)   R2

cv RMSEcv (m3/m3) 

7°      



TB(H) 0.641 0.028  0.579 0.030 

TB(H)+EVI 0.686 0.026  0.572 0.029 

TB(V) 0.594 0.030  0.516 0.032 

TB(V)+EVI 0.623 0.028  0.502 0.032 

21.5°       

TB(H) 0.607 0.029  0.545 0.031 

TB(H)+EVI 0.640 0.028  0.541 0.031 

TB(V) 0.542 0.032  0.451 0.034 

TB(V)+EVI 0.583 0.030  0.453 0.033 

38.5°       

TB(H) 0.624 0.029  0.559 0.031 

TB(H)+EVI 0.674 0.026  0.559 0.030 

TB(V) 0.423 0.035  0.310 0.038 

TB(V)+EVI 0.500 0.032  0.356 0.036 

4.2. Multivariate Linear Regression Using the Combination of TB and NDII 

Table 2 gives comparison results on the performance of the multivariate linear regression models 

based on the combination of L-band TB and NDII for predicting soil moisture. This model produced 

generally better results than those with the TB only, for both calibration and LOOCV analyses. In the 

multivariate linear regression analyses, models involving horizontal polarization TB values 

performed considerably better than those involving vertical polarization TB values. Among these 

models, the performances of models involving horizontal polarization TB normalized to 7° were the 

best. Especially, the model based on the combination of horizontal polarization TB and NDII resulted 

in the highest estimation accuracy with R2
cv=0.678, RMSEcv=0.026 m3/m3. The models involving 

horizontal polarization TB normalized to 38.5° produced almost similar estimation accuracy to those 

involving horizontal polarization TB normalized to 7°. The followed were models involving 

horizontal polarization TB normalized to 21.5°. 

 

Table 2 Performance of the multivariate linear regression models based on the combination of L-band TB and NDII for 

predicting soil moisture. 

 Calibration   Validation 

 R2
avg RMSEavg (m3/m3)   R2

cv RMSEcv (m3/m3) 

7°      

TB(H) 0.641 0.028  0.579 0.030 

TB(H)+NDII 0.746 0.023  0.678 0.026 

TB(V) 0.594 0.030  0.516 0.032 

TB(V)+NDII 0.692 0.025  0.614 0.028 

21.5°      

TB(H) 0.607 0.029  0.545 0.031 

TB(H)+NDII 0.711 0.025  0.641 0.027 

TB(V) 0.542 0.032  0.451 0.034 

TB(V)+NDII 0.658 0.027  0.568 0.030 

38.5°      

TB(H) 0.624 0.029  0.559 0.031 

TB(H)+NDII 0.742 0.023  0.673 0.026 

TB(V) 0.423 0.035  0.310 0.038 

TB(V)+NDII 0.598 0.029  0.491 0.032 

 

Fig. 2(a) shows the relationship between the modeled results and the ground truth, when only TB (H) 

7° was used.  Fig. 2(b) shows the performance after NDII was added. In the comparison of Fig. 2 (a) 

and Fig. 2 (b), it can be observed that linear relationship between the measured soil moisture and the 

predicted soil moisture was significantly improved. This model increased R2
cv value by 0.099, and 



decreased the RMSEcv value by 0.004 m3/m3 in the cross-validation after involving NDII.   

Fig.2. LOOCV results before (a) and after (b) involving NDII for predicting soil moisture using horizontal 

polarization L-band TB normalized to 7°. Note: The solid line is a one-to-one line. 

5. Discussion and Conclusions 

The SMAPEx-3 led to reliable passive radiometry data at L-band and corresponding ground sampling 

data including soil moisture and vegetation data. It allowed an assessment of the utility of passive 

radiometry data at L-band for use in estimating soil moisture below pasture. It also made it possible to 

explore whether soil moisture estimation could be enhanced by involving vegetation related 

information. 

 
The performance of multivariate linear regression models involving vegetation structure related 

information (LAI) was little better than those with only TB under three viewing angles (Table 1). 

These results are not consistent with that observed in Pause et al. [4] who found that soil moisture 

estimation accuracy was significantly improved after combining L-band TB and LAI. This study 

retrieved winter barley covered and winter rye covered soil moisture using horizontal polarization TB 

data with 50 m spatial resolution and LAI estimated from hyperspectral data with 1.5 m spatial 

resolution. The primary reason is that hyperspectral data are more powerful than multispectral data 

for LAI estimation due to its approximately contiguous spectrum [31]. Furthermore, the best pasture 

LAI estimation accuracy got by EVI was relatively low (R2
cv=0.385, RMSEcv=0.75 m2/m2) based on 

Landsat 5 TM data in the study (the detailed comparison was not presented in this paper). It 

demonstrated that LAI estimation accuracy based on remote sensed data should be checked before 

involving LAI into soil moisture estimation. If LAI estimation is not accurate, it will not work to 

involve it during soil moisture estimation. 

 

The models involving horizontal polarization TB values performed better than those involving 

vertical polarization TB values (Table 1 and Table 2). It indicated that horizontal polarization TB was 

more sensitive to soil moisture than vertical polarization TB. Many researchers [4, 18] have given the 

same conclusion about this. The performances of multivariate linear regression models involving 

NDII were much better than those with only TB at both polarizations under three different viewing 

angles. This is mainly due to the fact that involving NDII takes VWC into account and relieves the 

effect of vegetation on microwave signal. Among the three viewing angles, models based on TB 

normalized to 7° or 38.5° resulted in better estimation accuracy than those based on TB normalized to 

21.5° with and without NDII. It confirmed that effects of vegetation and soil moisture estimation 

based on microwave signal are dependent on incidence angle.     

 

In summary, this study demonstrated the potential application of involving vegetation related 

information into soil moisture estimation. The experimental results indicated that multivariate linear 

regression models using horizontal polarization TB and NDII could significantly improve pasture 

covered soil moisture estimation accuracy. It is also worth mentioning that this newly developed 

method based on empirical models might be site-specific and thus needs recalibrating or testing the 

models with a certain amount of samples collected from an application area before applying the 

method to the area. It is necessary to do further study to verify the efficacy of the proposed method in 

different vegetation types and under different ecological areas. 

 
    (a)                                 (b) 
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