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ABSTRACT 

 

Vegetation optical depth (VOD) depends on the water, 

structure, and biomass of vegetation. Here, we propose a 

multi-sensor approach to isolate the water component from 

the VOD and to retrieve gravimetric vegetation moisture (mg) 

in the western United States. The approach estimates VOD 

from radar and LiDAR data and minimizes the differences 

between these estimates and SMAP/AMSR2 VOD 

observations. This minimization allows to obtain the best 

fitting value of mg with help of a dielectric model. Results are 

consistent both in space (drier vegetation in arid areas) and 

time (drier vegetation in drier months). The mg estimates are 

in the same range than in situ mg data, with some 

underestimation (bias ~ -0.07 kg/kg). Statistical results are 

reasonable (r ~ 0.45, RMSE ≤0.10 kg/kg), yet the different 

spatial and temporal representation of in situ and remote 

measurements have an impact in the direct comparisons. Our 

results highlight the potential for developing new vegetation 

moisture datasets based on VOD decomposition. 

 

Index Terms— Vegetation moisture, passive 

microwaves, vegetation optical depth, LiDAR, Sentinel-1. 

 

 

1. INTRODUCTION 

 

Passive microwave satellite missions allow for the retrieval 

of the vegetation optical depth (VOD), a parameter which 

accounts for the degree of attenuation of the soil and 

vegetation emissions in microwave frequencies as they cross 

the vegetation canopy. The VOD is directly related to the 

vegetation water content (VWC), which is central to the 

analysis of the soil-plant-atmosphere continuum [1] and 

ultimately understanding plant responses to droughts. 

However, since the VOD is a function of water, dry biomass, 

and structure of the vegetation, the VOD-derived VWC 

estimates depend on biomass/structure properties. Indeed, the 

VWC is measured in units of mass of water by ground area 

(kg/m2), not informing on the real hydric status of plants (e.g., 

a forest contains more water than a grassland because it has 

more biomass). To overcome these limitations, it is essential 

to isolate the water component from the VOD signal. In that 

sense, the leaf area index (LAI) has been applied in [2] to 

account for the canopy structure component and has shown 

that merging LAI and VOD data improves the estimates of 

live fuel moisture content (LFMC; kgwater / kgdry biomass) at a 

global scale [2]. Also, it has been demonstrated that merging 

Sentinel-1 radar backscatter information with optical data 

from Landsat-8 leads to improved LFMC estimates in the 

western United States [3]. 

 These results have shown the benefits of exploiting 

multi-sensor synergies to enhance vegetation moisture 

estimates based on statistical regression [2] and neural 

networks [3]. Nevertheless, physics-based, analytical 

algorithms (e.g., considering dielectric and attenuation 

models in vegetation) have been proposed only in preliminary 

studies. In that sense, in [4] and [5] a microwave-LiDAR 

synergy was used to disentangle the water component from 

the VOD with help of such models. Here, we rely on a similar 

synergetic approach to estimate the vegetation moisture in 
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gravimetric units (mg; kgwater/kgwet biomass) in the western 

United States with three clear goals: 1) adapt the mg retrieval 

approach to different microwave frequencies (L-, X- and Ku-

bands) and dielectric models, 2) analyze mg spatio-temporal 

estimates over the Western United States, and 3) compare 

satellite-based mg with available in situ data. The study spans 

from April 2015 to December 2018. 

 

 

2. DATA AND METHODS 

 

 The multi-sensor approach for mg retrieval relies on three 

data products: VOD, radar backscatter information, and 

vegetation canopy height. In this work we use the Soil 

Moisture Active-Passive (SMAP) VOD to account for 

microwave attenuation at L-band. The SMAP VOD product 

[6] is retrieved through the multi-temporal dual channel 

algorithm (MT-DCA; [7]). We also use VOD data at X- and 

Ku-bands from the Advanced Microwave Scanning 

Radiometer 2 (AMSR2; [8]). Second, to account for the 

biomass and structure components, we apply radar 

backscatter information from Sentinel-1 [9] and vegetation 

canopy height (VH) data from [10]. The latter is based on 

lidar measurements from the Global Ecosystem Dynamics 

Investigation (GEDI) sensor, and Sentinel-2 data. All datasets 

are aggregated at a 0.25º grid to match the VOD product 

gridding. 

 The proposed algorithm is structured in three steps. First, 

the VOD is modelled according to [11] as a function of a 

radar vegetation index (RVI), an approximation to the shape 

of leaf inclusions (see [12]; random needles are chosen here), 

the VH information, and the dielectric constant of vegetation 

(veg, which is the unknown to be solved). This model is 

calibrated for different RVI conditions. Second, the best veg 

value is found through the minimization of the difference 

between the modeled VOD and the SMAP VOD data, at a 

daily basis. Third, using the dielectric models in [13] and 

[14], the mg value corresponding to the chosen veg is 

retrieved. More details on the algorithm proposed are 

available in [4], [5] and [12]. 

Mg retrievals are compared to available in situ data 

provided in [15]. The in situ data are destructive samples 

 
Fig. 1. (a) Time-averaged mg during March 2017 (wet month); (b) Time-averaged mg during August 2017 (dry month); 

(c) histogram comparing wet and dry months. In a and b, blank areas are due to snow and/or non-vegetated pixels. In this 

figure, mg retrievals are based on X-band VOD. Similar results are obtained at L- and Ku-bands. 

 

z 
Fig. 2. Comparison between in situ (pink) and estimated (blue) mg for (a) L-band, (b) X-band and (c) Ku-band. 
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which are weighed fresh, oven-dried and reweighed to 

determine dry matter mass. With this information, the Live 

Fuel Moisture Content (LFMC; in mass units of water per dry 

biomass) is determined, and then transformed to mg (mg = 

1/(1+LFMC); see [16]). In situ mg data are obtained at 

different times in the year and are compared to the nearest 

overpass of AMSR2 and SMAP. The comparison is focused 

on pixels with homogenous land cover (to reduce the 

representativeness error due to scaling mismatch) and with 

enough number of in-situ samples. The criteria are: (i) all the 

species measured in situ must match the dominant land cover 

in the pixel, according to the ESA-CCI Land Cover map [17]; 

(ii) the Gini-Simpson Index (GSI), which indicates the 

homogeneity of land cover in the pixel [18], is <0.5 (i.e., land 

cover is homogeneous); (iii) the coefficient of variation of the 

NDVI in the 500-m area surrounding the in situ samples, 

which is a measure provided by [15], is <0.3; and (iv) the 

number of samples of the in situ station is ≥10. Finally, 29 

stations with more than 700 in situ measurements remain for 

validation. 

 

 

3. RESULTS AND DISCUSSION 

 

The resulting maps show the time-average mg for a wet month 

(March 2017; Fig. 1a) and a dry month (August 2017; Fig. 

1b). The spatial distribution of the results depicts, as 

expected, how southernmost regions (arid areas) have drier 

vegetation conditions. The histogram in Fig. 1c confirms the 

higher vegetation moisture in the wet period. Results also 

show that the retrieved mg values based on all frequency 

bands fit the ranges of the in situ measurements, with some 

underestimation (Fig. 2). 

 Figure 3 shows the direct comparison of in situ and 

remotely sensed mg estimates. Pearson’s correlation is 

moderate and similar at all bands (0.45 to 0.48). The bias is 

also similar among bands, and confirms the underestimation 

observed in Fig. 2 (-0.07 kg/kg to -0.09 kg/kg). The RMSE 

decreases with increasing frequency (from 0.1 kg/kg at L-

band, to 0.07 kg/kg at X-band, and to 0.05 kg/kg at Ku-band). 

This trend is expected because L-band captures the vegetation 

conditions from the larger parts of the canopy (trunks and 

stems/branches), while in situ measurements are taken from 

the top leaves and only thin branches of the canopy [2,15]; 

the latter are more closely representative of the vegetation 

constituents contributing to C and X-bands emissions. Also, 

higher frequencies are more appropriate to measure 

vegetation properties in short vegetation, because they have 

lower penetration capacity [19], which dominates the region. 

All results presented in the figures are based on the dielectric 

model described in [13]. The comparison with [14] shows 

similar results, but with increased error and more negative 

bias (L-band: RMSE = 0.1 kg/kg, bias = -0.09 kg/kg; X-band: 

RMSE = 0.11 kg/kg, bias = -0.1 kg/kg). The model in [14] is 

not available at Ku-band. For both models, the reported 

correlation, error, and bias values are impacted by the spatial 

and temporal scale mismatch between in situ and satellite 

measurements and should be taken with caution. 

 Overall, the reported results show for the first time (to the 

authors’ knowledge) a direct retrieval of gravimetric 

vegetation moisture based on the isolation of the water 

component from the VOD signal using a multi-sensor, multi-

frequency, and attenuation-based approach. These results, 

thus, open the path for an enhanced capability of retrieving 

vegetation moisture conditions by using simple analytical 

models on physics basis. The fact that results at all 

frequencies show moderate correlations with medium to low 

error suggests that the different frequency bands could 

provide vegetation moisture retrievals for different canopy 

layers. This could have large applicability on vegetation 

ecology, fire prevention, or the study of land-atmosphere 

interactions. Future missions, such as the Copernicus 

Imaging Microwave Radiometer (CIMR; cimr.eu), will be 

 
Fig. 3. Relationship between the in situ mg measurements and the mg estimates, using each pair of in situ – estimates 

during the study period. The mg estimates are based on the dielectric model from [13]. Statistics are computed for the 29 

homogeneous stations (>700 samples; red dots). Grey dots indicate the rest of samples over the study region (non-

homogeneous pixels). Three frequency bands are studied: (a) L-band, (b) X-band, and (c) Ku-band. 
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well suited to apply this approach using multiple microwave 

frequencies. 
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