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ABSTRACT

The usefulness of L-band radiometer observations for the
retrieval of near-surface soil moisture has already been
demonstrated in many studies. Unfortunately, the abil-
ity to estimate soil moisture from these remotely sensed
observations is hampered by the infeasibility to charac-
terize the roughness of the soil surface. Given the diffi-
culty to measurein situ soil roughness parameters, im-
proved methodologies to estimate these parameters from
observed quantities is a prerequisite to retrieve high qual-
ity soil moisture maps from passive microwave observa-
tions. This research focusses on an alternative method-
ology to estimate soil roughness parameters used in the
L-band Microwave Emission of the Biosphere model.

1. INTRODUCTION

Given the significant influence of soil moisture on a va-
riety of hydrological processes, the observation of this
variable is of key importance to better understand the cy-
cle of water in its environment. Moreover, information
on soil moisture is of key importance to improve hydro-
logical model simulations, which are often used in flood
forecasting schemes.

The usefulness of remotely sensed information on soil
wetness in a hydrological modelling framework has al-
ready been shown by several researchers (e.g. [1, 2]).
Recently, the interest in passive microwave systems to re-
trieve soil moisture has grown rapidly. One of the major
advantages of passive microwave systems with respect to
active microwave sensors is their ability to cover large ar-
eas of the Earth during one overpass, resulting in a high
temporal resolution. The drawback of these sensors is
the relatively poor spatial resolution, which causes that
the measured signal results from a variety of land cover
types within the observed pixel. This heterogeneous na-
ture of the observed scene imposes major challenges on

the modelling of the observed signal and the validation of
the retrieved surface variables [3].

Since its launch in 2009, the SMOS-satellite (Soil Mois-
ture and Ocean Salinity) [4] provides global maps of
brightness temperatures at a nominal resolution of 43 km,
observed using an L-band 1.4 GHz 2D interferometer.
Given the capability of SMOS to observe the Earths sur-
face at different incidence angles, these observations can
be used to retrieve several surface variables at once [5],
depending on the number of brightness temperature ob-
servations and their quality [6]. The retrieval of surface
variables, such as soil moisture, is based on the inver-
sion of the L-MEB (L-band Microwave Emission of the
Biosphere) model [7]. Due to the significant influence
of soil roughness on passive microwave observations, the
parameterization of this variable is of key importance to
obtain high quality estimates of soil moisture. Unfortu-
nately, the relationship between the roughness parame-
ters of the L-MEB model and physical roughness param-
eters such as the correlation length or the RMS-height,
is not well known. Moreover, measurements of physical
roughness characteristics in the field are highly uncertain
and time consuming. In order to circumvent the poten-
tial problems inherent to roughness measurements in the
field, and the problem of relating these observations to the
parameters used in the L-MEB model, roughness param-
eters can be calibrated, resulting in effective roughness
parameters. For the retrieval of near-surface soil moisture
from active microwave observations, this technique has
already shown its large potential. A variety of techniques
have been developed to estimate effective roughness pa-
rameters prior to the soil moisture retrieval, resulting in
improved soil moisture estimates from active microwave
observations [8, 9, 10].

Similar to active microwave observations, many studies
have investigated the potential of the effective roughness
parameter technique for soil moisture retrieval from pas-
sive microwave observations. Most of the studies found
that the main roughness parameter used in the L-MEB
model is impacted by the soil moisture content in a linear



way [11, 12]. The dependence of this roughness param-
eter on soil moisture has been explained by a dielectric
roughness induced by the spatial heterogeneity of mois-
ture in the soil, which causes local variations in the di-
electric properties. However, the linear relationship be-
tween the roughness parameter and soil moisture is not
yet well understood and its robustness, especially under
vegetated surfaces, needs to be further assessed. The
main objective of this study is to investigate an alternative
parameterization of soil roughness to increase the quality
of soil moisture retrievals from passive microwave obser-
vations. This paper will present the results obtained from
an airborne dataset of passive microwave observations.

2. DATA AND STUDY AREA

During the first phase of this study, an extensive dataset
of airborne microwave observations is used together with
ground validation data collected in Australia. Further
research will focus on the transferability of the tested
methodologies to SMOS data acquired at different sites
over the world.

The data used in this study was collected during the
SMAPEx campaigns, conducted in the Murrumbidgee
catchment (subcatchment of the Murray Darling basin)
located in the south eastern part of Australia. Data was
collected during three intensive field campaigns held in
2010 and 2011. Each campaign was conducted during a
different season to collect data under a variety of land sur-
face and environmental conditions. A detailed descrip-
tion of the dataset can be found in Panciera et al. [13]
with only the relevant information provided here.

During each flight day, passive microwave observations
were collected over an experimental study site of ap-
proximately 34x38 km. The selected study site is domi-
nated by low vegetation (agricultural crops and (grazed)
grasslands) and has a low topography, which makes it an
ideal location for remote sensing studies. Observations of
brightness temperature were collected using the PLMR
(Polarimetric L-band Multibeam Radiometer), flown at
an average height of±3 km, resulting in a pixel size
of approximately 1 km. Measurements were made at
incidence angles of±7◦, ±21.5◦ and±38.5◦ at a fre-
quency of 1.413 GHz. During each flight, volumet-
ric samples of soil moisture were collected on a regu-
lar grid with 250 m spacing at specific locations in the
study area. In addition, vegetation samples, including
LAI (Leaf Area Index), VWC (Vegetation Water Con-
tent), vegetation heightetc. were taken at representative
locations in the study site, and a detailed land cover clas-
sification of the study area was created. Leaf area indices
were extracted from MODIS imagery to obtain site-wide
observations of LAI, rather than point observations. Me-
teorological data, including soil temperature at different
depths, air temperature and precipitation were also col-
lected at several locations in the study site. These data
were interpolated using IDW (Inverse Distance Weight-
ing) to obtain gridded estimates of soil and air tempera-

ture.

3. RETRIEVAL OF SURFACE VARIABLES

3.1. L-MEB model

A detailed description of the radiative transfer model used
can be found in Wigneron et al. [7]. Here only the most
important aspects of the model are highlighted. The L-
MEB model is based on a simplified solution of the zero-
order radiative transfer equation. The brightness temper-
ature at polarizationp and incidence angleθ, upwelling
from a rough, vegetated surface (Tbp(θ)) can be simu-
lated using:

Tbp(θ) = (1− ωp(θ))(1− γp(θ))(1 + γp(θ)rp(θ))Tgc

+(1− rp(θ))γp(θ)Tgc (1)

whereωp is the vegetation scattering albedo,γp is the
vegetation attenuation factor depending on the vegetation
optical depth (τp), rp is the reflectivity of a rough soil
andTgc is an effective composite temperature, calculated
from the effective soil temperature (Tg) and the effective
canopy temperature (Tc). The parameterrp is related em-
pirically to the reflectivity of a bare smooth soil (r∗p, i.e.
the Fresnel reflectivity) using:

rp(θ) =
[

(1−Qrp(θ)) r
∗

p(θ) +Qrp(θ)r
∗

p(θ)
]

exp
(

−Hrp(θ)cos
Nrp(θ)

)

(2)

whereQrp accounts for the influence of the soil rough-
ness on polarization mixing,Hrp is another roughness
parameter andNrp models the dependence of soil rough-
ness on incidence angle. In this study,Qrp is assumed to
be equal to 0 withNrp a constant depending on the land
cover type observed. Furthermore,Hrp is assumed to be
independent on polarization and thus denoted asHr.

Several parameterizations ofHr have been proposed in
literature. Lawrence et al. [14] and Mialon et al. [15] for
instance attempted to linkHr to some physical rough-
ness parameters such as the RMS-height and the corre-
lation length. Other studies observed a decreasing linear
trend of the roughness parameter with soil moisture (e.g.
[12, 16, 17, 18]). The dependence ofHr on soil moisture
has been explained by a dielectric roughness, induced by
the spatial heterogeneity of moisture in the soil. When
the soil is saturated, water is almost homogeneously dis-
tributed in the soil reservoir and the roughness is entirely
determined by the height variations of the soil surface.
However, when the soil dries out, water is withheld at
preferential locations in the soil, causing a heterogeneous
distribution of water which induces variations in the di-
electric properties of the soil reservoir. These variations
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Figure 1. Decreasing trend of the roughness parameter
(Hr) as a function of soil moisture (θ).

increase the dielectric roughness of the soil, while the
physical roughness of the soil is not altered during this
process.

The idea of increasing dielectric roughness with decreas-
ing soil moisture is also used in the SMOS soil moisture
retrieval algorithm [6] and is illustrated conceptually in
Fig. 1. This figure shows the decreasing trend of the
roughness parameter with soil moisture (θ) between the
transitional soil moisture content (θtrans) and the field ca-
pacity (θfc) of the soil. θtrans andθfc can be calculated
based on the clay fractional content, the sand fractional
content and the bulk density of the soil [6]. Fig. 1 shows
that for soil moisture values exceedingθfc or undershoot-
ing θtrans, the roughness parameter is assumed to be con-
stant. The values of the minimum (Hrmin

) and maximum
(Hrmax

) roughness parameter are a function of the soil
and vegetation properties.

3.2. Inversion method

Given the capability of the L-MEB model to simulate
brightness temperatures at different incidence angles, the
model can be used to retrieve surface variables from
multi-angular, passive microwave observations. Surface
variables can be estimated from a set of passive mi-
crowave observations by minimizing the difference be-
tween the modelled and the observed brightness temper-
atures. To this end, a simplex algorithm [19] is used to
minimize the following cost function:

Co =

√

√

√

√

n
∑

i=1

(Tbi − Tb∗
i
)2

n
(3)

whereCo is the cost,n is the number of observations, and
Tbi andTb∗

i
are the observed and simulated brightness

temperatures at a given incidence angle and polarization
respectively. Eq. 3 simply represents the RMSE (Root
Mean Squared Error) between the observed and simu-
lated brightness temperatures over all incidence angles
and polarizations. It should be noted here that several
authors have modified the cost function to incorporate
a priori knowledge on the values of the variables to be
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Figure 2. Histogram of the retrieved roughness parame-
ters (Hr) for the entire dataset.

retrieved. However, noa priori information is assumed
here, which justifies the use of Eq. 3 to retrieve unknown
variables of interest.

3.3. Retrieval of Hr

The methodology outlined in Section 3.2 was used to re-
trieve roughness parameters for the dataset presented in
Section 2. To this end, all passive microwave observa-
tions were mapped on a predefined grid with 1 km reso-
lution. For each grid cell, a variety of brightness temper-
ature observations were available at different incidence
angles and for both horizontal and vertical polarizations.
This set of brightness temperatures was used to retrieve
the roughness parameter for the given grid cell. Taking
into account the relatively small spatial resolution of the
predefined grid, each grid cell was assumed to have ho-
mogeneous land cover. Moreover, to obtain a consistent
dataset, only pixels classified as grasslands were consid-
ered. Average soil moisture values of a grid cell were
calculated by taking into account all volumetric measure-
ments located inside the grid cell. All other parameters of
the L-MEB model necessary to simulate brightness tem-
peratures were taken from default values reported in lit-
erature [7, 16].

Fig. 2 shows a histogram of the retrieved values ofHr.
It is clear from this figure that the retrieved values of
the roughness parameter are restricted between 0.013 and
0.805. The mean value of 0.292 is somewhat lower than
the frequently used default value of 0.5 for grasslands
[12]. However, it should be noted that the retrieved val-
ues are highly dependent on the parameterization of other
variables in the radiative transfer model, such as the veg-
etation optical depth. Also, site specific properties such
as the physical roughness of the soil surface and the veg-
etation can have a significant influence on the retrieved
values ofHr. Nevertheless, the estimated values of the
roughness parameters fall within acceptable limits of the
values frequently reported in literature for similar vegeta-
tion covers (e.g. [16]).
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Figure 3. Plot of the retrieved roughness parameters (Hr)
as a function of the average soil moisture within a given
grid cell (θobs). The colours indicate the standard devia-
tion of soil moisture observations within the grid cell.

4. MODELLING FRAMEWORK FOR Hr

4.1. Dependence of Hr on soil moisture characteris-
tics

Several studies have used the negative linear dependence
of Hr on soil moisture to get an estimate of the rough-
ness parameter necessary to retrieve soil moisture. Fig.
3 shows the relationship between the retrieved roughness
parameters and the average soil moisture within a given
grid cell. Colours indicate the standard deviation of soil
moisture values within the pixel. It is clear from Fig.
3 that there exists a positive correlation between the re-
trieved roughness parameters and the average soil mois-
ture, which strongly contradicts with most of the results
reported in literature. Panciera et al. [20] did observe a
similar behaviour for clay soils and for soil moisture val-
ues below 0.2-0.3 m3/m3. Despite the fact that a different
soil texture is observed in this study (loamy soils), the
positive trend is observed for the same soil moisture val-
ues. However, it should be noted here that a comparison
between the results of different studies is difficult because
of the difference in scale. Most of the studies used data
obtained at field scale (e.g. [12, 18]) or high resolution
airborne data (e.g. [20, 16, 17]), in comparison with the
relatively large scale data which is used here (±1 km air-
borne data).

From Fig. 3 it can be seen that there is also an influence of
the soil moisture variability on the roughness parameter.
In general, an increase ofHr with soil moisture variabil-
ity can be observed. This observed trend is in agreement
with the idea of dielectric roughness at small scale. When
the large scale variability of soil moisture within a grid
cell is high, an additional amount of roughness will be
experienced. In contrast, the roughness decreases as the
large scale variability of soil moisture decreases. There-
fore, Fig. 3 suggests that a combination of the average
soil moisture and soil moisture variability should be used
to parameterize soil roughness at large scale.

Figure 4 shows the dependence of the retrieved roughness
parameters on the coefficientC, which is the product of
the average soil moisture value (µSM) and the standard
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Figure 4. Plot of the retrieved roughness parameters (Hr)
as a function of the average soil moisture multiplied with
the standard deviation (C). The best linear fit is shown
as a black line.

deviation (σSM). It is clear that a positive correlation ex-
ists betweenHr andC (a correlation coefficient (R) of
0.661 was obtained), which indicates that a linear regres-
sion betweenHr andC can be used to parameterize soil
roughness in the L-MEB model. The following rough-
ness model was fitted to the data used in this study:

Hr = 20.543C + 0.126 (4)

The dependence ofHr onC suggests that, within the lim-
its of the soil moisture values observed in this dataset,Hr

increases with bothµSM andσSM. This means that pixels
with low values ofµSM can still exhibit high roughness
values when the large scale variability of soil moisture is
high andvice versa.

4.2. Parameterization of σSM

Fig. 4 shows that the main roughness parameter of the
L-MEB model can be estimated by using a simple linear
regression (see also Eq. 4). The linear model makes use
of both µSM andσSM to get an estimate ofHr. Since
µSM is often the main variable of interest when surface
variables are retrieved from passive microwave observa-
tions, this relationship should be used in an iterative re-
trieval algorithm. However, the large scale variability of
soil moisture within a given pixel is not known and there-
fore needs to be estimated during the retrieval ofµSM. To
this end, the dependence ofσSM onµSM is used. Several
studies have shown that a dependence between the mean
soil moisture within a given extent and the observed soil
moisture variability exists. Famiglietti et al. [21] stud-
ied this relationship on an extensive dataset and across
different scales. The following exponential function was
proposed:

σSM = k1µSMexp (−k2µSM) (5)

with k1 andk2 two best fit parameters. Multiplying Eq.
5 with µSM gives the coefficient used to estimateHr:
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Figure 5. Scatter plot of the estimated values (C∗)
against the observed values ofC.

C = k1µ
2
SMexp (−k2µSM) (6)

For a scale of 800 m, which matches closest to the scale
of 1 km used in this study, a value ofk1 = 0.884 and
k2 = 5.807 was reported in Famiglietti et al. [21]. These
two values were optimized using the data from this study
and were slightly adjusted tok1 = 0.763 andk2 = 4.896.
To assess the ability of Eq. 6 to simulateC, a cross val-
idation of the model was carried out. Fig. 5 shows a
scatter plot of the simulated values (C∗) against the ob-
served values ofC. Overall, the model performs rela-
tively good which is confirmed by the calculatedRMSE
and correlation coefficient of 0.0037 (m3/m3)2 and 0.74
respectively. Despite the small underestimation of high
C values, which can be observed in Fig. 5, Eq. 6 is used
in this study to predict values ofC, which in turn can be
used to estimate the value ofHr.

5. PERFORMANCE OF THE ROUGHNESS
MODEL

To assess the performance of the roughness model pre-
sented in Section 4, soil moisture values were retrieved
for the entire dataset. Three different approaches were
considered:

• Case 1:Multi-angular soil moisture retrieval using
a constant value ofHr = 0.5 (default value reported
in literature).

• Case 2:Multi-angular soil moisture retrieval using
a constant value ofHr = 0.28 (median of the re-
trieved roughness parameters for the dataset in this
study).

• Case 3:Multi-angular soil moisture retrieval using
the roughness model presented in Section 4.

Figs. 6, 7 and 8 show scatter plots of the retrieved soil
moisture (θret) against the observed soil moisture (θobs)
for the three approaches considered. Table 1 summa-
rizes some statistics (Root Mean Squared Error (RMSE),

Mean Estimation Error (MEE) and the correlation coef-
ficient (R)) of the different retrievals. Fig 6 shows that
the use of a constant roughness parameter of 0.5 results
in a strong overestimation of the observed soil moisture,
which is confirmed by the positive bias shown in Table 1.
This could be expected given the results shown in Fig 2.
As can be seen from this figure, the bulk of the retrieved
roughness parameters has a value below 0.5. This means
that the predefined value of 0.5 is too high in most of
the cases. Given the positive correlation between the soil
roughness parameter and the simulated brightness tem-
peratures, an overestimation of soil moisture will thus be
obtained.

As can be seen from Fig. 7, the overestimation of the ob-
served soil moisture can be strongly reduced by decreas-
ing the value ofHr. Using a value of 0.28 results in a
remarkably lower bias, which is shown in Table 1. The
negative sign of theMEE suggests that a slight underesti-
mation of the soil moisture can be observed. Fig. 7 shows
that this is especially true for high soil moisture values
and some intermediate soil moisture values. Low soil
moisture is still overestimated given the too high rough-
ness parameter for these observations. Table 1 shows that
the second retrieval approach gives better results in terms
of the listed statistics, which could be expected.

Fig. 8 shows a scatter plot of the soil moisture retrievals
using the proposed roughness model. As can be seen
from this figure, relatively good results are obtained. Un-
fortunately, a slight overestimation of high soil moisture
values can be observed, which is reflected in a positive,
however small, bias (see Table 1). This is mainly due to a
small overestimation of the value ofC for high soil mois-
ture measurements, which results in an overestimation of
the roughness parameter (see also Eq. 4). As was already
shown in Fig. 5, high values ofC were mainly underesti-
mated, which results in an underestimation ofHr, which
in turn decreases the retrieved soil moisture. This can be
observed in Fig. 8 where some intermediate soil moisture
values (θobs = ±0.2 m3/m3) are underestimated. These
are the soil moisture observations related to the highest
roughness parameters, which can also be observed in Fig.
3. However, it should also be noted here that the same soil
moisture observations are also underestimated with each
of the methods considered. This is due to the use of a
too low roughness parameter for these measurements. As
can be seen from Table 1, the third retrieval case gives
rise to a slightly higher value of theRMSE compared to
the one obtained in the second retrieval case. However,
the obtainedRMSE is still below 0.05 m3/m3, while a
comparable correlation coefficient andMEE is obtained.

The results show that the proposed roughness model has
a good potential to retrieve high quality soil moisture
maps from passive microwave observations. However,
the model to estimate the large scale soil moisture vari-
ability used in this study should be reassessed to obtain
better estimations of the coefficientC. This means that
the parameters from the model of Famiglietti et al. [21]
should be optimised based on a more extensive dataset for
the study area. However, alternative models to estimate
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Figure 6. Scatter plot of the retrieved soil moisture (θret)
vs. the observed soil moisture (θobs) for the retrieval
with a constant roughness parameter equal to the default
value reported in literature.
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Figure 7. Scatter plot of the retrieved soil moisture (θret)
vs. the observed soil moisture (θobs) for the retrieval with
a constant roughness parameter equal to the median of
the roughness parameters obtained for the dataset used
in this study.

the large scale soil moisture variability can also be con-
sidered. The use of copula models is probably a promis-
ing technique to estimate the soil moisture variability for
a given extent. However, sufficient data is a prerequisite
to fit a good copula model to the data.

6. CONCLUSION

The main goal of this study was to assess the performance
of an alternative roughness parameterization which can
be implemented into the L-MEB model. Several stud-
ies have shown that there exists a negative linear rela-
tionship between the main roughness parameter of the L-
MEB model (Hr) and the average soil moisture within
the observed scene. However, most of the studies made
use of radiometer data at relatively small scales (tower

Table 1. Some statistics of the soil moisture retrievals
presented in Fig. 6, 7 and 8.

Case 1 Case 2 Case 3
RMSE [m3/m3] 0.060 0.033 0.045
MEE [m3/m3] 0.044 -0.006 0.005
R [-] 0.863 0.867 0.854
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Figure 8. Scatter plot of the retrieved soil moisture (θret)
vs. the observed soil moisture (θobs) for the retrieval
case where the roughness parameter is estimated using
the proposed roughness model.

radiometer data or high resolution airborne data). This
study makes use of an extensive airborne data set of pas-
sive microwave observations at large scale (pixel sizes
of approximately 1 km). Results show that a positive
correlation exists between the roughness parameter and
the average soil moisture value within the pixel. Further-
more, the roughness parameter is also driven by the soil
moisture variability within the observed scene. There-
fore, linking the roughness parameter to a combination
of the average soil moisture and soil moisture variability
within the extent, seems a promising approach to esti-
mate the value ofHr. The results presented in this paper
show that this methodology is able to get a qualitative es-
timate of the roughness parameter, necessary to retrieve
high quality soil moisture maps from passive microwave
observations.

Despite the promising results obtained with the presented
roughness model, a fixed roughness equal to the median
of the retrieved roughness parameters, obtains better re-
sults. However, it is believed that the quality of the soil
moisture retrievals can be enhanced if a different ap-
proach is used to estimate the large scale soil moisture
variability. Therefore, future research should mainly fo-
cus on alternative methodologies to estimate the variabil-
ity of soil moisture observations within a given extent.
Also the transferability of the presented model to space-
borne data from the SMOS satellite should be assessed.
Furthermore, the effectiveness of the model should be
validated on other extensive data sets collected over dif-
ferent land cover types and a large range of soil moisture
values.
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