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ABSTRACT. In this study, two retrieval algorithms 
for estimating the water content of vegetation (VWC) in 
the range 0-10 Kg/m2 from multifrequency microwave 
radiometric data have been implemented, with the 
purpose of contributing to the development of an all-
weather VWC product for the satellite AMSR2 
radiometer of the JAXA-GCOM-W mission.  

The first algorithm estimates VWC through a semi-
empirical combination of the polarization index (PI) 
acquired at X and Ku bands, while, the second algorithm 
attempts to improve the retrieval accuracy adding C-band 
data and using an Artificial Neural Network (ANN) 
method. The sensitivity to vegetation biomass of multi-
frequency PIs at various frequencies, which was already 
pointed out in previous literature, has been first further 
evaluated with the support of the well-known tau-omega 
solution of the radiative transfer model and experimental 
data.  

Two years of AMSR2 data collected on a wide portion 
of Africa, which includes a large variety of vegetation 
types and biomasses, have been considered for 
implementing and testing both algorithms. VWC 
reference data with the same temporal and spatial 
coverage of AMSR2, needed for validating the algorithm 
outputs, have been derived from SPOT4 NDVI, 
downsampled to the AMSR2 ground resolution. The test 
results provided a correlation coefficient, R, >0.88 with 
root mean square error, RMSE, <1.4 Kg/m2 for the semi-
empirical algorithm, and R=0.98 with RMSE<0.5 Kg/m2 
for ANN algorithm, thus demonstrating that both 
approaches are able to estimate VWC.  

An independent validation of the two algorithms has 
been then carried out on the entire Australian continent, 
considering 4 periods of 16 days each in different seasons 
of 2013.  
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In this case, the algorithm outputs have been 
compared with VWC derived from MODIS 16 days 
averaged NDVI. The independent validation resulted in R 
=0.82 and RMSE around 1.5 Kg/m2 for the semi-empirical 
algorithm, whereas the ANN allowed obtaining R=0.88 
and RMSE around 0.86 Kg/m2, demonstrating that the 
microwave data from AMSR2 and polarization indices 
can be legitimately used to produce vegetation maps on a 
global scale by separating several levels of biomass, 
without any need of further information from other 
sensors. 

Index Terms—Microwave emission, Polarization 
Indices, optical depth, Vegetation biomass, Artificial Neural 
Networks, AMSR2. 

1. INTRODUCTION 

The interest in monitoring vegetation biomass and its 
dynamical distribution on a global scale is rapidly increasing, 
mostly due to the impact of canopy cover on the Earth's 
climate evolution and particularly in view of the changes that 
occurred in the past years and are reasonably supposed to 
continue in the future [1].  

Satellite measurements offer the possibility of extended 
and frequent observations of the vegetation spatial and 
temporal distribution along with  its degradation, which can 
be attributed  to various sources (e.g. increasing urbanization, 
air, land and water pollution, as well as wild deforestation and 
increasing anthropic pressure) [1-2]. 

Presently, most of the algorithms for monitoring 
vegetation are based on visible and infrared indices, such as 
the Normalized Difference Vegetation Index (NDVI) [3] and 
Enhanced Vegetation Index (EVI) [4], which are well related 
to the “greenness” of the vegetation canopy and then, 
indirectly, to the vegetation biomass. For example, a 
relationship between NDVI and the Vegetation Water Content 
(VWC in Kg/m2), which is a parameter assumed as 
representative of vegetation biomass, has been established in 
[5].  

However, optical sensors have some significant 
limitations. Indeed, besides being only sensitive to the surface 
layers of canopies, they are strongly influenced by 
atmospheric effects. On the contrary, microwaves can 
penetrate clouds and, depending on frequency, canopy cover 
too, thus allowing a direct investigation of the aboveground 



vegetation. Moreover, taking advantage of the high sensitivity 
of microwaves to the water of the vegetation material 
permittivity, they allow a direct estimate of the VWC [6]. 

First studies to estimate the sensitivity of the microwave 
brightness temperature, Tb, to vegetation biomass were 
carried out since 1980s on the basis of ground based 
experiments and model simulations [e.g. 6, 7]. Later on it was 
observed that, depending on frequency and dimensions of 
vegetation scattering elements, Tb can increase or decrease as 
the biomass increases. This behavior can be explained 
considering the prevailing effect of absorption or scattering 
according to the relative dimensions of the plant elements in 
terms of wavelength [8]. Instead, the trend of the difference 
between the two linear polarization components was found to 
be independent of the vegetation type [9] and further 
information on vegetation biomass can be obtained by using 
the polarization index (PI), i.e. the difference between the two 
polarization components of Tb normalized to their average 
value. Indeed, the polarized emission from an almost 
homogeneous and smooth soil is smoothed by the volumetric 
effect of any vegetation type. This makes it possible to 
establish an inversion approach to retrieve vegetation biomass 
independently of crop type 

Experimental relationships between PI and VWC of 
herbaceous crops, obtained using ground-based sensors at X 
and Ka band, were positively compared with model 
simulations in [10, 11] and showed a decrease of PI as a 
function of increasing vegetation biomass which was rather 
steep at Ka band and smoother at X band. A global map of 
vegetation cover based on the polarization difference at 37 
GHz, obtained from Nimbus 7 data, was first shown in [12]. 
More recently, maps of VWC retrieved from X band PI were 
obtained in the context of an algorithm based on an Artificial 
Neural Network method developed for generating soil 
moisture and snow depth maps from the Advanced 
Multifrequency Scanning Radiometer AMSRE [13]. 

In addition to those based on the polarization difference, 
other approaches for retrieving VWC from multi-frequency 
satellite data have been proposed. For example, in [14], Shi et 
al. noted that the brightness temperatures measured at a given 
polarization with two adjacent AMSR-E frequency channels 
can be described by a linear function, which includes two 
coefficients, both independent of the underlying soil/surface 
signals and dependent only on vegetation properties.  One is 
positively correlated to NDVI and is affected by the vegetation 
properties and the surface physical temperature, the other is 
negatively correlated to NDVI and is only affected by the 
vegetation properties. 

Other studies assumed the vegetation optical depth 
(VOD) as an indicator of VWC. These studies were in general 
carried out on the basis of experimental relationships and the 
well-known tau-omega solution of the radiative transfer 
equation.  A linear dependence between these two parameters 
obtained on the basis of L band data, was first revealed  in [15] 
and then confirmed in [16, 17] for several crops, including 
soybean, corn and grass.  At higher frequencies (X and Ka 

bands) however, a slight deviation from the linear trend with 
an inverse dependence on the square root of wavelength was 
found in [18].  Further studies [19, 20] showed that at low 
frequency (L band) the dependence of VOD on VWC was 
close to the linear one for low vegetation, and that a change in 
the volume density less than about 10% for a given VWC did 
not influence appreciably the VOD. However, at X band and 
higher frequencies, the VOD depends on the vegetation 
volume density with a consequent deviation from the linear 
dependence on VWC as foreseen in [18]. Indeed, in a real 
situation, an increase of the water content in a crop takes place 
due to both changes in vegetation height and volume density.  

A procedure for retrieving VOD from radiometric data 
using the 6.6 GHz of the Scanning Multichannel Microwave 
Radiometer (SMMR) was suggested in [21]. Another study, 
based on the VOD derived from daily time series of Ku band 
AMSR-E data and other ancillary products, showed that the 
VOD  was promisingly related with the vegetation indices 
obtained from satellite optical-infrared (MODIS) data, and 
phenology cycles [22]. 

A comparison between VOD derived from AMSR-E, 
TRMM, and SSM/I, and the AVHRR derived NDVI, carried 
out on a global scale for more than 20 years performed in [23],  
showed that  the correlation with NDVI was substantial over 
low vegetation covers, but less significant over forests. 
Indeed, NDVI is fundamentally sensitive to chlorophyll and 
leaf biomass, whilst the VOD of forests is mostly dependent 
on vegetation biomass. It follows the need of using more 
penetrating low frequency systems than those available from 
AMSR-E to allow a more complete investigation on dense 
vegetation and forests.  

On this point, a significant work regarding the 
information achievable from L band data has been carried in 
the framework of the Soil Moisture Ocean Salinity (SMOS), 
Soil Moisture Active Passive (SMAP), and Aquarius projects.  
For example, the SMOS VOD product generated by the 
prototype L2 algorithm available in 2013 over forests was 
found significantly related to forest height, with low seasonal 
variations [24 -26].  

In summary, all these studies have pointed out that the 
capabilities of microwave brightness temperature in 
estimating the VWC depend on VOD, which is a function of 
the observation frequency and vegetation type. Hence, multi-
frequency/polarization measurements are recommended for 
global observations of canopy covers. Indeed, the lowest 
frequencies of the microwave band (1-2 GHz) are the most 
appropriate for investigating dense vegetation and forests, 
while the frequency channels available from AMSR2 and the 
previous AMSR-E (C to Ku bands) are well suitable in 
monitoring VWC of  relatively low  vegetated areas.  

The purpose of this paper was to provide an all-weather 
AMSR-2 algorithm for providing a vegetation cover product 
for the Global Change Observation Mission of the Japan 
Aerospace Exploration Agency (JAXA). The need of 
obtaining a product related to AMSR-2 data only, and 
independent of other sensors, led to some compromise with 



respect of the accuracy achievable on forests. On the other 
hand, agricultural crops and grasslands represent an important 
carbon sink/source due to their quick growth cycle and 
influence significantly the carbon cycle with their seasonal 
evolution. 

To this end, we have implemented two retrieval 
algorithms. The first algorithm relates VWC to a semi-
empirical combination of the Polarization Index (PI) at X and 
Ku bands, while the second algorithm makes use of Artificial 
Neural Networks, fed by PI at C, X and Ku bands, for 
retrieving VWC. Both algorithms have been implemented and 
tested considering two years of AMSR2 acquisitions (from 
July 2012 to June 2014) on a test area in Africa, extended 20° 
in Latitude and 1° in Longitude, and covering a large 
variability of vegetation types and biomasses, from bare 
surfaces (Sahara desert) to dense vegetation (Equatorial 
forest).  

An independent validation of the algorithms has been 
then carried out considering the entire Australian continent, 
and all the AMSR2 data collected in different seasons in 2013. 
These areas were selected as representative of the entire 
annual cycle of the vegetation. 

Considering the unavailability of distributed ground data 
covering both areas, the implementation, test and validation of 
the algorithm were carried out by comparing the VWC derived 
from microwaves with the optical vegetation index (NDVI), 
extending the approach proposed for SMOS in [24].  

After a short description of the test areas and data 
considered in this work, and provided in section 2, a 
sensitivity analysis of AMSR2 data to VWC is carried out in 
section 3. The implementation and test of both algorithms on 
the African site is described in section 4. Lastly, section 5 
contains the independent validation on the Australian site and 
the discussion. 

2. TEST SITES AND EXPERIMENTAL DATA 

For implementing and testing the algorithm, a suitable 
test site was identified in a wide portion of Africa (0-
20°N/16°-17°E), extended from the Sahara desert to the 
Equatorial forest, which includes a very high variability of 
vegetation types and biomasses. The area was also chosen due 
to the presence of large and homogeneous regions, in order to 
mitigate the effects related to the coarse ground resolution of 
AMSR2. The area extension is close to 300,000 Km2 with a 
negligible percentage of rivers and open waters. Sandy and 
stony soils are present in the northern part, while vegetation 
cover increases moving to south, passing from grasslands to 
rainfed croplands and Savanna, which represent more than 
60% of the vegetation coverage in the area. In the southern 
part, equatorial forests represent the dominant vegetation. 

The independent validation of the algorithm was instead 
carried out considering the entire Australian continent, which 
extent is 7,617,110 km², with a large percentage of deserts, 
especially in the central part. 

All the available AMSR2 Tb data collected on the African 
area from July 2012 to May 2014, in both ascending and 
descending orbits, were considered. The independent 
validation on Australia was instead carried out considering the 
AMSR2 overpasses on Australia in four different time periods 
of 16 days each, in January, April, July and October 2013, 
with the aim of representing the whole annual cycle of 
vegetation. In both cases, we used Level-1R AMSR2 data 
containing spatial-resolution matched brightness temperatures 
and corresponding swath data with geolocation information. 
With respect to the original L1B product, an antenna pattern 
deconvolution is applied to these data basing on the Backus-
Gilbert (BG) method, in order to identify different field of 
views of multi frequencies [27].   

All the AMSR2 data considered in this study were 
downloaded through JAXA GCOM data portal 
(http://suzaku.eorc.jaxa.jp/GCOM_W/). 

 

 

 (a)  (b) 
Figure 1. The two areas identified from google Earth: Africa for implementing and testing the algorithm (a) and Australia for 

the independent validation (b)



One of the main problems encountered in this work, was 
in defining the reference VWC data for testing and validating 
the algorithm. In-situ measurements of VWC with similar 
spatial and temporal coverage of AMSR2 on both areas were 
unavailable, as in general distributed VWC measurements are 
barely available on a large or global scale.  

An alternative strategy for validating the algorithm was 
therefore defined by deriving VWC values from NDVI 
obtained from optical satellite sensors as frequently done in 
similar studies [e.g. 23]. This procedure has certainly some 
limitations that have to be properly addressed, since optical 
bands are sensitive to the vegetation greenness more than to 
its water content, which is instead the driving parameter of 
microwave emission from vegetated areas. This difference can 
therefore introduce some uncertainties in the relationship 
VWC–NDVI, especially in the phase of vegetation 
senescence, when leaves are still green but plants are drying, 
or vice versa when leaves turn yellow but VWC is still high, 
depending on crop type, and, above all, in forests.  

Nonetheless, except for these limit cases, past research 
pointed out that NDVI of low vegetation is in general well 
correlated with VWC, and linear relationships between VWC 
and NDVI can be found in a wide range of vegetation types 
[28-29]. It should be remarked that the relationship established 
in [29] for agricultural fields and grasslands in Italy, is very 
close to the one established in [28], which was developed on 
the USDA-ARS fields in USA, thus confirming the 
“robustness” of the correlation between VWC and NDVI. 

In this study, we referred to the relationship presented in 
[29], which relates VWC to NDVI as follows: 

 
VWC=12.86 * NDVI -2.25 (Kg/m2) (1) 

 
VWC was computed according to eq. (1) from SPOT4 10-

days averaged NDVI on the Africa test site and 16 days 
averaged NDVI derived from Aqua MODIS acquisitions for 
the Australian site. The first set of data was obtained from 
http://www.vito-eodata.be/, while MODIS 16-Day L3 Global 
1km data product from Aqua satellite (MYD13A2) were 
downloaded from the National Snow and Ice data center 
(NSIDC - http://nsidc.org/).  

AMSR2 acquisitions were separated in ascending and 
descending orbits and averaged on the same time intervals of 
the corresponding NDVI, while NDVI data were downscaled 
at the AMSR2 resolution. 

Both AMSR2 (level 3) and NDVI data were then 

resampled onto grids of nodes equally spaced at 0.1° x 0.1°, 
for a total of 225x12 nodes in Africa and 501x701 nodes in 
Australia, in order to co-locate Tb and NDVI for the algorithm 
implementation. The resulting dataset for the African site was 
composed by more than 132,000 co-located values of Tb 
(including all frequencies for the ascending and descending 
orbits) and corresponding NDVI. A much larger dataset was 
obtained for the Australian site, for which more than 
3,500,000 co-located Tb and NDVI values were obtained. 

Although beyond the scope of this paper, a further 
verification of the disaggregation technique applied to 
AMSR2 data was carried out by comparing L1R data 
considered in this work to the corresponding L1B data 
disaggregated using the SFIM technique proposed in [30]. The 
different fields of view of AMSR2 at the three frequencies, 
(from 62x35 Km2 at C band to 12x7 Km2 at Ka band), may 
lead indeed to large uncertainties in combining 
multifrequency acquisitions in the retrieval algorithm. The 
comparison of these data, carried out in Section 3, confirmed 
the effectiveness of both disaggregation procedures in 
mitigating the problem of different spatial resolution.  

3. SENSITIVITY ANALYSIS 

In the first step of this work, we evaluated the sensitivity 
of AMSR2 brightness temperatures to VWC derived from 
NDVI. The comparison between Polarization Indices 
(PI=(TbV-TbH)/(½(TbV+TbH))) computed at C (6.8 GHz), X 
(10.65 GHz), and Ku (18.7 GHz) bands and VWC derived 
from SPOT4 NDVI for the African site is displayed in Figure 
2 (a) and (b) for ascending and descending orbits, respectively. 
In this figure, PI values are multiplied by 100. It should be 
noted that AMSR2 carries onboard two C band channels, 
operating at 6.8 and 7.23 GHz, respectively, to reduce the 
effects of radio-frequency interferences (RFI). Being the 
African site almost free from RFI, the Tb acquired in these 
two channels are well correlated (correlation coefficient, R, 
and slope ~ 1). The difference between the two PIs was 
therefore almost negligible, and thus only PI at 6.8 GHz is 
represented in the figures. As expected, the highest PI values 
correspond to desert zones and the lowest one to vegetated 
surfaces, with a gradual decrease according to the increase of 
biomass covering the surface. The scatterplots confirm the 
correlation between these quantities that had already been 
pointed out in previous works [10, 13]. 

 

 



 
(a) 

 
(b) 

Figure 2. PI at C, X and Ku bands vs NDVI-derived VWC for the data collected on the African site in (a) ascending and (b) 
descending orbits. Blue, green and black trendlines refer to the PIC, PIX and PIKu band, respectively. Only the PI at the lower C band 

frequency (i.e. 6.8 GHz) is displayed.  

Although the Tb values collected in ascending and 
descending orbits of the same day show marked differences, 
due to the surface temperature variation between the two 
overpasses (ascending around 01:00 am, and descending 
around 01:00 pm, local time), the behaviors of PI shown in 
Figure 2 (a, b) are similar. Indeed, the normalization for the 
surface temperature is intrinsic in the PI definition. Table 1 
summarizes correlation, slope and intercept of the logarithmic 
regressions in both ascending and descending orbits.  

We can note that the trends of PI at various frequencies 
are similar; however, the different penetration depth at each 
frequency causes a small shift in the curves. In both ascending 
and descending orbits, R values slightly increase with the 
frequency. 

In case of extremely dense vegetation (i.e. equatorial 
forests), corresponding to VWC ≫8 kg/m2, any further 

sensitivity of both microwave emission and optical data to 
biomass is unrealistic, due to the low penetration of radiation 
at these frequencies. This is evident when analyzing separately 
the data collected on area covered by equatorial forests, where 
a low correlation exists (R<0.3) between PI at all frequencies 
and VWC. The areas for which the sensitivity of PI to biomass 
is poor, and the estimate of VWC is therefore unfeasible, were 
identified by using a simple threshold criterion [13], which 
was applied to the measured PI at X band (≤ 0.5). 

Lastly, negligible differences (affecting only the second 
digit of R) were found deriving PI from the AMSR2 L1B data 
disaggregated with the SFIM technique, instead of L1R. This 
confirmed the effectiveness of both techniques in relating each 
measured Tb to the nominal sampling of 0.1° x 0.1°. 

Table 1. R, slope and intercept values of the logarithmic relationships between PI and VWC 

 R Slope intercept 
 Ascending Descending Ascending Descending Ascending Descending 

C band 0.86 0.87 -4.57 -4.71 12.05 11.90 
X band 0.88 0.89 -4.36 -4.52 10.65 10.66 
Ku band 0.88 0.89 -3.75 -3.90 8.18 8.64 
 



   
Figure 3. PI at C, X and Ku bands as a function of VWC from experimental data and tau-omega model simulations.

The obtained experimental relationships of PI as function 
of VOD were compared in Figure 3 with simulations carried 
out through the well known τ-ω solution of the radiative 
transfer model [17] (τ =VOD), by keeping constant the single 
scattering albedo (ω=0.01), the surface temperature, (Ts=290 
K), the soil moisture (SMC= 15%), and relating VOD to VWC 
as in eq. 3 [18, 19]:  

 
𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑘𝑘

√𝜆𝜆
∗ 𝑉𝑉𝑉𝑉𝑉𝑉  (2) 

 
where 𝜆𝜆 is the wavelength (m) and k is a constant 

depending on vegetation type, here assumed equal to 0.16 
[18].  

The τ- ω model was then applied for assessing the 

relationships between τ and VWC derived from NDVI. 
For each set of AMSR2 PIs, the optimal τ  and ω values 

that minimized the absolute error between measured and 
simulated PI were computed using an iterative minimization 
based on the Nelder-Mead algorithm [31]. The surface 
temperature required as model input was derived from 
AMSR2 Tb at Ka band, V pol., using a linear relationship [13, 
32], and the soil moisture was also derived from AMSR2 
through an updated implementation of HydroAlgo for 
AMSR2 [33].  

These relationships are displayed in Figure 4, where 
VWC derived from NDVI is represented as a function of τ 
obtained from the minimization. Reasonably, the same VWC 
corresponds to τ values that increase with the frequency.

 

  
Figure 4. VWC derived from NDVI as a function of τ  at C, X and Ku bands in ascending and descending orbits, respectively. 

 



Table 2. R, slope and intercept values of the linear relationships between VWC and τ (VOD). 

 R Slope intercept 
 Ascending Descending Ascending Descending Ascending Descending 

C band 0.81 0.81 9.24 9.37 -0.98 -1.17 
X band 0.81 0.84 7.34 7.51 -1.25 -1.54 
Ku band 0.82 0.87 5.80 5.99 -2.1 -2.40 
 

The relationship presented in equation 3 and the results in 
Figure 4 need some more details. A linear dependence of τ 
on VWC was revealed by experimental results at L band in 
[34] and then confirmed by [16, 17] for several crops, 
including soybean, corn and grass. At higher frequencies 
(X and Ka bands), a logarithmic correlation between these 
two quantities was reported in [18]. However, further 
studies [19] demonstrated that, for relatively low values of 
VWC (< 6 Kg/m2), the error in assuming a linear 
dependence is small also at the frequencies investigated in 
this study. A linear relationship for the AMSR2 
frequencies was also considered in [35]. On the other hand, 
the intercept of the straight lines different from zero for 
bare soil can be interpreted as the effect of surface 
roughness, which affects the extinction coefficient 
similarly to vegetation cover [36]. The slopes, intercepts 
and correlation coefficients of the data presented in Figure 
4 are summarized in Table 2, showing again negligible 
differences between ascending and descending orbits. 

4. ALGORITHM IMPLEMENTATION (AFRICA) 

The sensitivity exhibited by PI at different frequencies to 

VWC suggested implementing an algorithm based on the 
combination of these indices for estimating biomass of 
different vegetation types.  

4.1 Semi-empirical retrieval algorithm 

The retrieval problem was first faced by developing a 
semi-empirical algorithm that estimates VWC as a function of 
the weighted combination of PI at X and Ku bands, assuming 
a logarithmic dependence of VWC on PI [18, 19]: 

 
VWC= a*log(PIX) +b*log(PIKu) +c (3) 

 
The values of a, b and c were defined by minimizing the 

RMSE between estimated and target VWC for a subset of 
about 15% of the available data from the African dataset (i.e. 
~17,000 data ascending + descending), obtained through a 
pseudo-random sampling, in order to obtain a subset 
representative of the characteristics of the whole dataset. The 
minimization was again obtained using on the Nelder-Mead 
iterative algorithm and resulted in a=-0.698 (Kg/m2), b=-1.164 
(Kg/m2) and c=5.765 (Kg/m2).  

 
 
 

 
(a) 

 
(b) 

Figure 5. Test of the semi-empirical algorithm for ascending (a) and descending (b) orbits on the African site  

 



Figure 5 represents the algorithm test conducted on the 
remaining part of the dataset (85% of data), which was not 
considered for defining the weights. The results of Figure 5 
(a) and Figure 5 (b) confirm the minimum differences between 
ascending and descending orbits pointed out by the sensitivity 
analysis, as the main statistical figures listed in Table 3 
demonstrate. The R values clearly reflect the correlation 
between PI and VWC, while the RMSE of about 1.3 Kg/m2 
depends mainly on the dispersion of PI for intermediate VWC 
values. 

 
Table 3. R, RMSE, and BIAS of the correlation between 

estimated and target VWC using the semi-empirical algorithm 

 Ascending Descending 
R  0.88 0.89 

RMSE (Kg/m2) 1.337  1.306  
BIAS (Kg/m2) ~ 0 ~ 0 

4.2 The ANN algorithm 

A novel algorithm based on Artificial Neural Network 
(ANN) techniques was then defined with the aim of improving 
the retrieval accuracy, and especially reducing the RMSE with 
respect to the semi-empirical algorithm. ANN techniques 
demonstrated to be a good compromise between retrieval 
accuracy and computational cost with respect to other 
statistical or numerical approaches [37]. Another important 
advantage of ANN is in their capability of merging different 
input data into the same retrieval algorithm. In particular, 

using this technique it was possible adding easily the C band 
PI to the algorithm inputs, along with PI at X and Ku bands as 
in the semi-empirical algorithm. 

The ANN implemented for this purpose was a 
feedforward multilayer perceptron, trained with the back 
propagation (BP) learning rule. The training set was composed 
by the same subset of 15% of the data available from the 
African dataset that was used for defining the weights of the 
semi-empirical algorithm. The test of the algorithm was 
instead carried out considering the remaining 85% of data, not 
involved in the training process.  

In order to obtain a training more robust and 
representative of a wider range of surface conditions, the 
experimental dataset was increased with data simulated by the 
τ-ω model. According to the strategy described in [38], and 
deriving the range of τ and ω values as described in section 3, 
a dataset of 10,000 simulated PI at C, X and Ku bands and 
corresponding target VWC was obtained by iterating the tau 
omega model simulations. The relationship between 
frequency dependent τ values and VWC for model 
simulations was based again on equation 3. 

Based on the training implementation of the NN Matlab 
® toolbox, the training set was then divided in other three 
subsets composed by 60%, 20% and 20% of data for training, 
validation and a posteriori test, respectively. 

 
 

 
Figure 6. Strategy followed for defining the datasets considered for training, testing and validating the ANN algorithm 

 



Following the “early stopping” rule, at each training 
iteration, the errors obtained on these three subsets are 
compared and the training is stopped when the errors on the 
validation and a posteriori subsets start diverging from the 
error on the training set. This technique allows mitigating or 
eliminating the problem of overfitting, which hampers the 
ANN capabilities in estimating correctly the target parameters 
on other datasets with respect to the training set. The ANN 
final architecture was defined applying an iterative 
optimization, as described in [38]: the optimization process 
resulted in an architecture with two hidden layers of 9+9 
neurons, with a transfer function of type tansig, expressed as 
tanh(a) = (ea-e-a)/(ea+e-a). The inputs of the ANN were the 
PI at C, X, and Ku bands, and the output was the estimated 
VWC. The flowchart in Figure 6 summarizes the strategy 
followed for generating the training, test (Africa) and 
validation (Australia) datasets.  

The test of the algorithm on the remaining 85% of data 
that were not involved in the training process is presented in 
Figure 7 that shows the scatterplots of retrieved vs. target 
VWC separated by ascending and descending orbits. The 
ANN algorithm appreciably improves the retrieval accuracy 
with respect to the semi-empirical one: the regression slope is 
close to 1:1, R increases up to about 0.98, and RMSE 
decreases down to about 0.45 Kg/m2. The main statistical 

figures of the test are listed in Table 4. 
 

Table 4. R, RMSE and BIAS of the ANN algorithm 

 Ascending Descending 
R  0.98 0.98 

RMSE (Kg/m2) 0.44  0.49  
BIAS (Kg/m2) ~ 0 ~ 0 
 
The results obtained in ascending and descending orbits 

are very similar, but conversely to the semi-empirical 
algorithm, the ANN exhibits slightly higher accuracies in 
ascending than in descending orbits: this can be attributed to 
the ANN training. The results displayed in Figure 5 and Figure 
7 confirm the capability of both algorithms in estimating 
VWC up to 8 Kg/m2.  

The proposed algorithm configuration, which adds PI at 
C band to the ANN inputs, slightly outperformed another 
implementation having as ANN inputs only PI at X and Ku 
bands (R increased from 0.96 to 0.98). Conversely, the 
inclusion of PI at C band in the inputs of the semi-empirical 
algorithm (eq.3) caused a small decrease of accuracy (R from 
0.88 to 0.87 in ascending orbits and from 0.89 to 0.88 in 
descending ones). Therefore C band was not used in the semi-
empirical algorithm.

 
 
 

 
(a) 

 
(b) 

Figure 7. Algorithm test: estimated vs. target VWC for the African site, in ascending (a) and descending (b) orbits. 

 



    
Figure 8. Algorithm test: R and RMSE maps for the African test site in ascending and descending orbits 

Looking at the spatial distribution of these results, the 
maps of R and RMSE computed from the time series of 
estimated and target VWC at each of the 225x12 nodes of the 
fixed grid are displayed in Figure 8. The maps clearly point 
out the loss of correlation for the densely vegetated areas of 
Equatorial forest, which exhibit the lowest R values and 
corresponding highest RMSE - especially in descending orbits 
–, as it can be reasonably expected due to low penetration of 
radiation at these frequencies. On the other hand, the desert 
areas, which represent the opposite boundary of the biomass 
range, are characterized by the smallest RMSE and low to 
medium R values. Concerning vegetation covers 
characterized by intermediate values of biomass that are 
present in the central part of the area, the agreement between 
estimated and target values is well pointed out by the highest 
R and lowest RMSE values. 

5. ALGORITHM VALIDATION (AUSTRALIA) 

The validation of both algorithms was carried out 
considering the dataset collected on the Australian site. In this 

case, ascending and descending orbits were merged, and the 
retrieval results referred to the whole data set available. Figure 
9 shows the scatter and density plots of estimated vs target 
VWC obtained using the semi-empirical (Figure 9 a-c) and the 
ANN (Figure 9 b-d) algorithms, respectively, on the 
>3,500,000 data of Australian site. The range of target VWC, 
mainly concentrated between 0 and 4 Kg/m2, reflects the 
semiarid conditions of the most part of Australia. Apparently, 
the behavior of both scatterplots (Figure 9 a-b) belies the 
statistical figures of the retrieval displayed in the figures and 
listed in Table 5. However, looking at the corresponding 
density plots in Figure 9 (c-d), where a threshold was set for 
value occurrence < 5, it is evident that most part of data is 
concentrated along the regression line, while only a relatively 
small number of points is scattered around.  

The semi-empirical algorithm tends to overestimate the 
low VWC and to underestimate the corresponding high 
values, while the ANN retrieval is closer to the 1:1 line. In 
general, the ANN algorithm improves the retrieval accuracy, 
as it is well pointed out by the comparison of R, RMSE, BIAS 
and regression slope in Table 5.
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Figure 9. Scatter and density plots of estimated vs. target VWC on Australian site from semi-empirical (a-c) and ANN (b-d) 
algorithms, respectively.

 
The capability of both algorithms in detecting values of 

VWC up to 8 Kg/m2 is confirmed by these results, although 
the retrievals are slightly worse than those obtained on African 
site. The reason can be attributed to the fact that the Australian 
dataset is completely independent of the data used for the 
algorithm implementation. Moreover, cross-calibration issues 
between NDVI derived from SPOT4 and MODIS might also 
affect the retrieval. Lastly, the Australian dataset is 
significantly larger than the African one and contains a more 
limited range of vegetation biomass values, thus with negative 
effects on the overall correlation. 

 

Table 5. R, RMSE and BIAS obtained from the validation 
of both semi-empirical and ANN algorithms on Australian site  

 Semi-empirical ANN 
R 0.82 0.88 

RMSE (Kg/m2) 1.501  0.861  
BIAS (Kg/m2) 1.02 0.002 

slope 0.53 0.78 
 
The R and RMSE maps obtained comparing the VWC 

time series estimated by both algorithms and the 
corresponding reference VWC at each of the 501x701 nodes 
of the grid are presented in Figure 10(a-b) for the semi-
empirical algorithm and in Figure 10(c-d) for the ANN 



algorithm. The improvement obtained by using ANN is 
evident from the comparison of these maps. The overall 
correlation increases and the RMSE decreases, although some 
areas showing low values of R can be identified in the central-
western part of Australia, which is mainly characterized by 
rocky deserts (Figure 10c). According to the previous findings 
on African site, the lowest R and highest RMSE correspond to 
the dense forests along the eastern coast. The retrieval 
accuracies of both algorithms in these areas are low and reflect 
the loss of correlation between PI and the VWC of dense 
forests derived from NDVI, as it has already been pointed out 
for the African site. In the RMSE maps the effect of mixed 
pixels along coastlines is evident for both algorithms. The 
disaggregation techniques applied to AMSR2 data, either 
Backus-Gilbert or SFIM based, are able indeed to mitigate the 
effects of the coarse resolution without, nevertheless, 
completely overcome this problem, especially in case of large 
Tb variations, as it happens along the coastlines.   

6. CONCLUSIONS 

In order to test the capability of the AMSR2 system in 
delivering the Vegetation Water Content (VWC) as an all-
weather standard product of the JAXA GCOM-W mission, we 
developed two retrieval algorithms based on the measurement 
of the normalized polarization difference of brightness 
temperature, i.e. the Polarization Index (PI). Both algorithms 
are based on the simple τ-ω solution of the radiative transfer 
model and semi-empirical relationships between brightness 
temperature and vegetation biomass. The first one uses the 
inversion of a semi-empirical combination of PI at X and Ku 
bands, while the second method is based on an Artificial 
Neural Networks (ANN) and also includes data at C band.  
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Figure 10. Maps of R and RMSE on Australia from semi-empirical (a-b) and ANN (c-d) algorithms 



The two algorithms were implemented and tested 
considering two years of AMSR2 data collected on a wide 
portion of Africa that included a large variety of vegetation 
types and biomasses. As it has already been done in similar 
studies, the algorithms were validated referring to VWC 
derived from the Normalized Difference Vegetation Index 
(NDVI) computed from SPOT 4 optical data and 
downsampled at the AMSR2 resolution. Indeed, this approach 
is presently the only one capable of allow a validation on a 
global scale. The comparison of the two approaches showed a 
better performance of the ANN with a correlation coefficient, 
R= 0.98 and a root mean square error, RMSE, close to 0.45 
Kg/m2, while the numbers obtained from the semi-empirical 
algorithm were R=0.88 and RMSE = 1.3 Kg/m2. 

As expected, the best fitting was reasonably obtained on 
low and moderately dense vegetation (agricultural areas and 
prairies) where the difference in penetration between optical 
and microwave radiation is relatively small.  

An independent validation of both algorithms was carried 
out on Australia, considering four periods of 16 days each, in 
the different seasons of 2013. In this case, the algorithm 
outputs were compared with VWC derived from MODIS 16 
days averaged NDVI. This validation confirmed the test 
results on the African site, demonstrating that the microwave 
data from AMSR2 can be legitimately used to produce 
vegetation maps on a global scale by separating several levels 
of biomass on low and medium dense vegetation (up to 8 
Kg/m2), without any need of further information from other 
sensors and guaranteeing an all-weather monitoring. 
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	Although the Tb values collected in ascending and descending orbits of the same day show marked differences, due to the surface temperature variation between the two overpasses (ascending around 01:00 am, and descending around 01:00 pm, local time), t...
	We can note that the trends of PI at various frequencies are similar; however, the different penetration depth at each frequency causes a small shift in the curves. In both ascending and descending orbits, R values slightly increase with the frequency.
	In case of extremely dense vegetation (i.e. equatorial forests), corresponding to VWC ≫8 kg/m2, any further sensitivity of both microwave emission and optical data to biomass is unrealistic, due to the low penetration of radiation at these frequencies...
	Lastly, negligible differences (affecting only the second digit of R) were found deriving PI from the AMSR2 L1B data disaggregated with the SFIM technique, instead of L1R. This confirmed the effectiveness of both techniques in relating each measured T...
	Table 1. R, slope and intercept values of the logarithmic relationships between PI and VWC
	Figure 3. PI at C, X and Ku bands as a function of VWC from experimental data and tau-omega model simulations.
	The obtained experimental relationships of PI as function of VOD were compared in Figure 3 with simulations carried out through the well known (-( solution of the radiative transfer model [17] (( =VOD), by keeping constant the single scattering albedo...
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	where 𝜆 is the wavelength (m) and k is a constant depending on vegetation type, here assumed equal to 0.16 [18].
	The (- ( model was then applied for assessing the relationships between ( and VWC derived from NDVI.
	For each set of AMSR2 PIs, the optimal (  and ( values that minimized the absolute error between measured and simulated PI were computed using an iterative minimization based on the Nelder-Mead algorithm [31]. The surface temperature required as model...
	These relationships are displayed in Figure 4, where VWC derived from NDVI is represented as a function of ( obtained from the minimization. Reasonably, the same VWC corresponds to ( values that increase with the frequency.
	Figure 4. VWC derived from NDVI as a function of (  at C, X and Ku bands in ascending and descending orbits, respectively.
	Table 2. R, slope and intercept values of the linear relationships between VWC and ( (VOD).
	The relationship presented in equation 3 and the results in Figure 4 need some more details. A linear dependence of ( on VWC was revealed by experimental results at L band in [34] and then confirmed by [16, 17] for several crops, including soybean, co...
	4. Algorithm implementation (Africa)
	The sensitivity exhibited by PI at different frequencies to VWC suggested implementing an algorithm based on the combination of these indices for estimating biomass of different vegetation types.
	4.1 Semi-empirical retrieval algorithm

	The retrieval problem was first faced by developing a semi-empirical algorithm that estimates VWC as a function of the weighted combination of PI at X and Ku bands, assuming a logarithmic dependence of VWC on PI [18, 19]:
	VWC= a*log(PIX) +b*log(PIKu) +c (3)
	The values of a, b and c were defined by minimizing the RMSE between estimated and target VWC for a subset of about 15% of the available data from the African dataset (i.e. ~17,000 data ascending + descending), obtained through a pseudo-random samplin...
	Figure 5. Test of the semi-empirical algorithm for ascending (a) and descending (b) orbits on the African site
	Figure 5 represents the algorithm test conducted on the remaining part of the dataset (85% of data), which was not considered for defining the weights. The results of Figure 5 (a) and Figure 5 (b) confirm the minimum differences between ascending and ...
	Table 3. R, RMSE, and BIAS of the correlation between estimated and target VWC using the semi-empirical algorithm
	4.2 The ANN algorithm

	A novel algorithm based on Artificial Neural Network (ANN) techniques was then defined with the aim of improving the retrieval accuracy, and especially reducing the RMSE with respect to the semi-empirical algorithm. ANN techniques demonstrated to be a...
	The ANN implemented for this purpose was a feedforward multilayer perceptron, trained with the back propagation (BP) learning rule. The training set was composed by the same subset of 15% of the data available from the African dataset that was used fo...
	In order to obtain a training more robust and representative of a wider range of surface conditions, the experimental dataset was increased with data simulated by the (-( model. According to the strategy described in [38], and deriving the range of ( ...
	Based on the training implementation of the NN Matlab ® toolbox, the training set was then divided in other three subsets composed by 60%, 20% and 20% of data for training, validation and a posteriori test, respectively.
	Figure 6. Strategy followed for defining the datasets considered for training, testing and validating the ANN algorithm
	Following the “early stopping” rule, at each training iteration, the errors obtained on these three subsets are compared and the training is stopped when the errors on the validation and a posteriori subsets start diverging from the error on the train...
	The test of the algorithm on the remaining 85% of data that were not involved in the training process is presented in Figure 7 that shows the scatterplots of retrieved vs. target VWC separated by ascending and descending orbits. The ANN algorithm appr...
	Table 4. R, RMSE and BIAS of the ANN algorithm
	The results obtained in ascending and descending orbits are very similar, but conversely to the semi-empirical algorithm, the ANN exhibits slightly higher accuracies in ascending than in descending orbits: this can be attributed to the ANN training. T...
	The proposed algorithm configuration, which adds PI at C band to the ANN inputs, slightly outperformed another implementation having as ANN inputs only PI at X and Ku bands (R increased from 0.96 to 0.98). Conversely, the inclusion of PI at C band in ...
	Figure 7. Algorithm test: estimated vs. target VWC for the African site, in ascending (a) and descending (b) orbits.
	Figure 8. Algorithm test: R and RMSE maps for the African test site in ascending and descending orbits
	Looking at the spatial distribution of these results, the maps of R and RMSE computed from the time series of estimated and target VWC at each of the 225x12 nodes of the fixed grid are displayed in Figure 8. The maps clearly point out the loss of corr...
	5. Algorithm validation (Australia)
	The validation of both algorithms was carried out considering the dataset collected on the Australian site. In this case, ascending and descending orbits were merged, and the retrieval results referred to the whole data set available. Figure 9 shows t...
	The semi-empirical algorithm tends to overestimate the low VWC and to underestimate the corresponding high values, while the ANN retrieval is closer to the 1:1 line. In general, the ANN algorithm improves the retrieval accuracy, as it is well pointed ...
	Figure 9. Scatter and density plots of estimated vs. target VWC on Australian site from semi-empirical (a-c) and ANN (b-d) algorithms, respectively.
	The capability of both algorithms in detecting values of VWC up to 8 Kg/m2 is confirmed by these results, although the retrievals are slightly worse than those obtained on African site. The reason can be attributed to the fact that the Australian data...
	Table 5. R, RMSE and BIAS obtained from the validation of both semi-empirical and ANN algorithms on Australian site
	The R and RMSE maps obtained comparing the VWC time series estimated by both algorithms and the corresponding reference VWC at each of the 501x701 nodes of the grid are presented in Figure 10(a-b) for the semi-empirical algorithm and in Figure 10(c-d)...
	6. CONCLUSIONS
	In order to test the capability of the AMSR2 system in delivering the Vegetation Water Content (VWC) as an all-weather standard product of the JAXA GCOM-W mission, we developed two retrieval algorithms based on the measurement of the normalized polari...
	Figure 10. Maps of R and RMSE on Australia from semi-empirical (a-b) and ANN (c-d) algorithms
	The two algorithms were implemented and tested considering two years of AMSR2 data collected on a wide portion of Africa that included a large variety of vegetation types and biomasses. As it has already been done in similar studies, the algorithms we...
	As expected, the best fitting was reasonably obtained on low and moderately dense vegetation (agricultural areas and prairies) where the difference in penetration between optical and microwave radiation is relatively small.
	An independent validation of both algorithms was carried out on Australia, considering four periods of 16 days each, in the different seasons of 2013. In this case, the algorithm outputs were compared with VWC derived from MODIS 16 days averaged NDVI....
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