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ABSTRACT: This work addresses the combination of SAR and optical images with
theoretical models to detect soil and vegetation moisture variability at field level.
Two different approaches, both based on aBayesian algorithm, have been analyzed. In the

first approach, the probability density function (pdf) has been calculated considering amodel
for bare soil, the Integral EquationModel (IEM). Subsequently the pdfs have beenmodified
with information derived from the optical images in order to correct the soil moisture values
for the presence of vegetation. In the second approach, a model suitable for vegetated fields
has been used to calculate the pdfs. The results of the two approaches have been compared
indicating that the correction introduced in the pdfs by the optical images ismore efficient for
the extraction of soil and vegetation parameters and determine lower inversion errors for L
band data. For C band data, the use of amodel suited for vegetation ismore appropriate. As a
last part, the pdf correlation with vegetation parameters is inserted in an empirical approach
aiming at determining soil variations by using L band multi-temporal data.

1 INTRODUCTION

The retrieval of soil moisture over vegetated fields is amore complicated task because the
contribution from soil is masked by the presence of vegetation and the vegetation itself
contributes with its water content to the radar signal. Moreover, in some circumstances,
these signals are mixed up. The approaches presented in this paper aim at identifying a
useful modelization of the soil and vegetation response to radar signal and then indicate a
possible solution to the estimation of both soil moisture and vegetation water content.
The inversion procedure is based on the Bayes’ theorem for statistical modelling of

remotely sensed data and has been initially developed for bare soils and tested on
numerous data sets (Notarnicola & Posa 2004). In this work this inversion algorithm is
applied to fields that have different levels of vegetation cover. As a single approach,
theoretical or empirical models cannot be often applied to a wide number of cases. In this
paper, we address a possible solution based on two different modelizations that in some
cases can be alternative:

(a) As first approach, the pdfs are obtained from the comparison between theoretical
backscattering values, derived from the Integral Equation Model (IEM), and the
measured SAR backscattering values. The pdfs have been empirically calibrated
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according to vegetation water content values obtained from a multispectral image
(Landsat image) (Notarnicola et al. 2006). This allows subtracting the contribution
of vegetation backscatter from radar signal and hence trying to isolate the
contribution from bare soil. The relationship between pdf means and vegetation
water content has been also used in an empirical approach for the estimation of soil
moisture changes from multi-temporal data.

(b) In a second approach, instead of using the IEM, a simplevegetationmodel, thewater-
cloud model, has been used. This model relates the radar responses to both soil and
vegetation characteristics. Thus, the comparison between the theoretical and the
measured sensor responses leads to the calculation of new pdfs which contain
information about both vegetation and soil parameters.

By comparing the marginal probability density function, it is possible to drawn
considerations about the applicability of the different approaches and of the different data
combination for the estimation of surface and vegetation parameters.
The paper is organized as follows. In Section II, the theoretical models and the

experimental data sets are presented. The Bayesian inversion algorithm and its
applicability to bare and vegetated e.m. models are introduced in Section III. Section IV
presents some first results and draws conclusions about the application of this
methodology.

2 THEORETICAL MODELS AND EXPERIMENTAL DATA

2.1 Models for bare and vegetated soils

In this paper, we use mainly two theoretical approaches, the Integral Equation model
(IEM) (Fung, 1994) that is applicable in case of bare soils and the Water Cloud Model
(WCM) (Attema & Ulaby 1985) that considers both the contribution of soil and
vegetation and the attenuation of the radar signal due to the presence of the vegetation
layers.
For the Integral Equation model (IEM), the inputs are the real part of the dielectric

constant e, and the roughness parameters, the standard deviation of heights, s, and the
correlation length, l.
The water-cloud model represents the power backscattered by the whole canopy s0 as

the incoherent sum of the contribution of the vegetation s0veg and the contribution of the
underlying soil s0soil, which is attenuated by the vegetation layer through the vegetation
trasmissivity t2. For a given incidence angle the backscatter coefficient is represented by
the general form:

s0 ¼ s0veg þ t2s0soil: ð1Þ
Particularly, this expression can be written in more detailed way:

s0 ¼ A VWCcos uð1� t2Þ þ t2s0soil; ð2Þ
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whereVWC is thevegetationwater content (kg/m2), u the incidence angle,s0soil represents
the backscattering coefficient of bare soil that in this case calculated by using the IEM
model, t2 is the two-way vegetation trasmissivity with t2 = exp(�2B VWC/cos u). The
parameters A and B depend on the canopy type and require an initial calibration phase
where they have to be found in dependence of the canopy type.

2.2 Experimental data sets

The inversion procedure has been applied to a subset of data acquired during the
SMEX’02 Experiment (http://nsidc.org/data/amsr_validation/soil_moisture/smex02/)
that took place in Iowa from June 24–July 12, 2002. During the experiment, both radar
and optical remotely sensed data were acquired. The data considered in this paper were
acquired on July 1st, 5th, 7th, 8th and 9th. On July 5th, there was a heavy rain thus with
ground and remotely measurements it was possible to follow the dry-down phase.The
fields were mainly cultivated with soybean and corn. Contemporary to radar and optical
remotely sensed data, ground data were collected.

3 INVERSION APPROACHES

3.1 Bayesian approach for the bare soil model

The conditional probability P(s1m, s2m, . . . , | Si) can be estimated by using the Bayes’
theorem from a part of the data that are considered for the so-called training phase.
This is the probability of finding that particular vector of features si, given specific
values of Si.
By using IEM, theoretical values of the sensors responses, in correspondence to ground

truth, are obtained. The latter are compared to the experimental values introducing
random variables, Ni, not depending on e, s and l and representing a function that takes
into account some noise factors such as the sensor noise, the error introduced by IEM and
the contribute of vegetation (Notarnicola et al. 2006). The problem consists in finding an
estimate of the P(s1m, s2m, . . . , | Si) by taking into account the presence of this noise
factor Ni.
In the case of bare fields, the theoretical values calculated by the IEMmodel should be

as close as possible to the measured ones and then the pdf mean should be close to the
value of 1 with a standard deviation that represents the field variability as well as the
sensor error. For vegetated areas, the mean is less than 1 because the values of
backscattering coefficients for vegetation are generally higher than the backscattering
coefficients for bare soils. Once calculated the function P(s1m, s2m, . . . , | Si), the Bayes’
theorem allows for the calculation of the posterior probability from the above conditional
probability and the prior probability. The posterior pdf P(Si |s1m, s2m, . . . ) is the
probability about parameters Si after measuring the feature vector s1m, s2m, . . . ,. From
pdf P (Si |s1m,s2m, . . . ), themeanvalue Si = E [pdf P(Si |s1m,s2m, . . . )] and thevariance
of the estimator Var(Si) can be extracted.
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When using a theoretical model such as IEM suitable for bare soils and comparing the
simulated values with those acquired on vegetated fields, the resulting pdf means should
quantify the different behavior of radar signal for bare and vegetated fields. Thus pdfs
should contain information on some vegetation parameters that influence the radar
signal. Particularly, a good correlation has been found between pdf means and vegetation
water content. Instead of correlating pdf means directly to measured vegetation water
content, the estimates of this parameter, obtained from a LANDSAT image, have been
considered. The purpose is to verify whether the pdf mean variations can be predicted
using vegetation water content derived from other remotely sensed data. The
methodology for the calculation of vegetation water content (VWC) from LANDSAT
images has been derived and tested in Jackson et al. (2004). The pdf means have been
correlated to these Landsat derived VWC. A linear relationship has been presumed
among pdf means and vegetation water content. The general trend indicates that pdf
means decrease as VWC increases. The correlation between pdf means and VWC goes
from 0.41 for C-band, 0.61 for C and L band together, and 0.78 for L band. If the
influence of roughness is considered in this relationship, the correlation coefficients
increase to 0.70, 0.72 and 0.92 respectively. By introducing the dependence of pdf means
on vegetated water content VWC, VWC becomes a variable and can be extracted by
using the same inversion procedure.

3.2 Bayesian approach for the vegetated field model

In this second approach, the WCM model for vegetation and soil backscatter has been
considered. The procedure is the same followed in the case of bare soils. In this case,
however, the Ni represents the sensor noise and the model error and they should be
centered around the value of 1 because the model is pertinent to vegetated fields. By
inserting these pdfs into the calculation of the posterior probability, we will determine a
function which depends on four variables: the real part of the dielectric constant, the
roughness parameters, s and l, and the vegetation water content VWC.

3.3 Empirical approach for soil moisture change estimation

Temporal evolution of soil moisture can be detected through change detection analysis in the
backscattering coefficients. Even though a linear relationship can be assumed between soil
moisture and radar responses (Narayan et al.2006). The relative sensitivity should beverified
andmodified in the case ofmoderate to high vegetation.This part of the paper proposes to use
the relationship between pdf means and vegetation water content to quantify the impact of
vegetation on radar measurements used for change detection analysis.
The linear relationship has been modeled as follows:

s0
im ¼ Aþ Bmv ð3Þ

where the coefficients A and B primarily depend on roughness and vegetation. The
change detection analysis was carried out by subtracting the sensor data on the first day
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from the sensor data on the consecutive days. Assuming that the changes in vegetation
parameters are slowwith respect to soil moisture changes, the difference can be assumed
the following expression:

Ds0
im ¼ B�Dmv ð4Þ

where Ds0
im is the change in the backscattering coefficients and Dmv the relative soil

moisture change. The parameter B, as also stated in Du et al. (2000), should principally
depends on the vegetation opacity which is directly linked to vegetationwater content. To
evaluate this parameter, the comparison with bare soil case has to be addressed. But the
comparison between backscattering coefficients for bare and vegetated soils has been
carried out for the determination of pdf and in fact the pdfmean has been found correlated
with vegetation water content. Consequently B is related to pdf mean, which in turn
depends on vegetation. Then the ratio Ds0

im=meanpdf has to be linear dependent on Dmv.
Considering two different groups, one for soybean fields and the other for corn fields, two
linear fits have been calculatedwith correlation coefficients of 0.68 and 0.75 respectively.
Through this relationship, soil moisture changes have been calculated from
correspondent backscattering coefficient differences results.

3.4 Evaluation of estimated soil moisture and vegetation water content

Both approaches have been applied to all field forC andLbanddatawith a combination of
HH and VV polarizations acquired on July 8th.
The results analysis is carried out by considering not only the mean values, but

exploiting the potential information contained in the marginal pdfs. The ultimate aim of
the Bayesian inference is to obtain the marginal pdf of the particular parameters of
interest. We first require the joint pdf of all unknowns, and then we integrate this
distribution over the unknowns that are not of immediate interest in order to obtain the
desired marginal pdfs. The pdf contains more information about the parameter with
respect to a single mean value. In fact it gives indication about the contribution of other
values to the mean, and the confidence interval on the most probable value.
From the marginal pdfs analysis for dielectric constant values (directly related to

soil moisture) and vegetation water content, the following preliminary considerations
emerge:
WCmodel with L-band data: this combination is not very useful for the estimation of

both dielectric constant and vegetation water content; for both parameters, the marginal
pdf is characterized by high values of standard deviation.
WCmodel with C-band data: this combination is useful for the extraction of dielectric

constant values in case of soybean and corn fields. It is limited in the evaluation of
vegetation water content for the case of dense vegetation (corn).
IEM model with L-band and LANDSAT data: this combination works well for

extraction of dielectric constant for both soybean and corn fields. For vegetation water
content, the main limitation is for soybean field, where the L band is less influenced by
low vegetation.
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IEMmodel with C-band and LANDSAT data: this combination tends to underestimate
both dielectric constant and vegetation water content. On the other side, extracted soil
moisture values generally have very low standard deviation values.
An example of these considerations is illustrated in Figure 1 where the marginal pdfs

for dielectric constant and vegetation water content are indicated for a corn field (WC29).

3.5 Soil moisture changes estimates

The empirical model described in paragraph 3.3 has been initially applied to L band data
to estimate the soil moisture changes in the different acquisition dates. Figure 2 illustrates
two cases of the comparison between the estimates of soil moisture changes derived from
the algorithm and the in-situ soil moisture changes. Good correlations have been found
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Figure 1. Marginal pdfs for dielectric constant and vegetation water content for a corn field. C

Land stands for IEMmodelwithC-band andLANDSATdata,CWC forWCMmodelwithC-band

data, L Land stands for IEMmodel with L-band and LANDSAT data, LWC forWCMmodel with

L-band data. For dielectric constant pdf, the L WC values refer to the axis on the right.
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Figure 2. In-situ soil moisture changes compared to estimated soil moisture changes derived from

the empirical algorithm applied to L band data, HH polarization.
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between all the dates and the acquisition of the first date (1st July)when the soil conditions
were very dry. The worst cases are found for the change detection analysis derived from
the dates: 7th July–8th July and 8th July–9th July. In fact the dry-down phase is generally
characterized by large dishomogeneous patcheswithin single fields thus consequently the
soil moisture distributions have high standard deviation values.

4 CONCLUSIONS

From this analysis, a preliminary conclusion is drawn about the use of two models in
combination with C and L band data. The combination of a bare soil model like the IEM
calibrated on Landsat data for the presence of vegetation is particularly suitable for L
band data, because in the L band data is easier to separate the contribution of soil from that
of vegetation. The use of a vegetated model is useful for C-band data where the
contribution of soil is strongly masked by vegetation and then a vegetated model is
required. From the considerations and the experience gained in this analysis, an empirical
model has been developedwith the aim of detecting soilmoisture changes. Themodel has
been tested onL band data indicating a good capability of detecting soil moisture changes
when the comparison is carried out having as a reference a day with dry condition in the
fields. During the dry-down phase, due to large dishomogeneity within fields, the
algorithm is not capable to reveal the correct soil moisture changes.
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