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Abstract: The objective of this study is to model backscattering coefficients over bare soils
at intra-plot spatial scales (from almost 80 to 2800 m2), in a context where the plot is the
reference spatial scale in most past studies. A statistical modeling approach, based on a
random forest algorithm, is proposed to overcome the limits of semi-empirical or physical
models pointed out in the literature and to reduce discrepancies observed between the
satellite-derived backscattering coefficients and the predicted values. The experimental
device was set up on a network of agricultural plots located in southwestern France
during the Multispectral Crop Monitoring (MCM) experiment. The dataset combines high
spatial resolution satellite images (acquired by TerraSAR-X and Radarsat-2) together with
synchronous geo-located measurements of key soil parameters (i.e., top soil moisture,
surface roughness, and soil texture) on consistent spatial areas. Backscattering coefficients
are estimated at six intra-plot spatial scales (from ~80 to ~2800 m2), showing an exponential
increase in modeling performance, and reaching higher levels of accuracy than previous
work performed at the plot spatial scale (i.e., 50% of variance explained in the literature,
in the best cases). The increase in signal quality with the spatial scale mainly explains the
higher performance observed in the 2800 m2 area, with a correlation of 0.91 and RMSE of
0.83 dB in the X-band (for backscattering coefficients acquired with the HH polarization
state). In the C-band, the values of correlation range from 0.74 to 0.80, and the RMSE from
1.65 to 1.85 dB (depending on the considered polarization state). The results also showed
that the developed statistical algorithm is mainly influenced by the surface roughness and
the top soil moisture, as semi-empirical or physical-based models. Soil texture does not
significantly affect the algorithm.

Keywords: backscattering coefficient modeling; bare soil; intra-plot spatial scale; Radarsat-2;
random forest; TerraSAR-X

1. Introduction
Several studies have established performance levels and discussed the limitations

and main biases of the most commonly used backscatter models for estimating microwave
signals over bare soils [1–7]. Initially, the studies carried out on study sites with a wide
range of surface conditions were used to qualify the performance levels of various
electromagnetic models. Semi-empirical approaches, as proposed by Oh et al. and Dubois
et al. [8–10], as well as physically based models, such as the IEM [11–13], were implemented,
and estimates of backscattering coefficients were compared with the values derived
from satellite images. In those works, the best performance levels were associated with
semi-empirical models, with error levels varying between 2.3 and 4.7 dB, and higher
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correlations in the X-band (with values close to 0.60) compared with those observed in
the C-band (values below 0.50). Those previous studies have highlighted the limitations
of existing models, and identified which variables were poorly taken into account in
the original approaches. Correcting these biases then became a major focus of work on
electromagnetic modeling. Various modalities were then proposed, with an emphasis on
roughness descriptors (each of the studies presenting a modification of the formalism with
respect to this variable), resulting in new versions of the models. In the end, this work
made it possible to extend the validity of backscatter models, notably to the wide range of
roughness levels observable in agricultural conditions. However, there is no consensus on
any of the proposed models, whatever the considered assumption regarding formalism,
as they still have important limitations (with an explained variance level close to 50%,
in the best cases [5]). The difficulty in obtaining higher levels of performance is partly
explained by the spatial scale at which these studies were conducted. In those studies,
satellite signals and ground measurements were aggregated/averaged at the scale of the
agricultural plot, an entity that can show strong contrasts in soil conditions. This variability
within the plot may be highlighted by a difference in backscatter levels closely related to
moisture [14], texture [15], or roughness [16], and delimiting intra-plot spatial patterns with
comparable values.

With access to high spatial resolution SAR images which are becoming more systematic
with current and future satellite missions (Sentinel-1, Radarsat constellation, TerraSAR-X,
Tandem-X. . .), one challenge is to use these images at a resolution close to the pixel,
while limiting speckle effects [17]. Deriving metrics of interest on an intra-plot scale is
a major challenge, particularly in the context of precision agriculture, where modulation
approaches based on satellite images mainly use optical data [18,19]. Integrating SAR
signals into these methods would provide information that could replace optical data (in
the case of unfavorable atmospheric conditions) or complement it (when the signals provide
differentiated information), as shown by work carried out in vegetative periods [20,21].
Moreover, the definition of this spatial scale would be particularly useful for studies aimed
at estimating surface humidity at very high resolution, as the statistical performances
associated with current approaches are limited and contrasted [22].

In this context, this study aims at evaluating the possibilities of estimating backscattering
coefficients in X- and C-bands, on bare soils at the intra-plot spatial scale, using the random
forest (RF) algorithm [23]. Such a statistical approach has already been implemented at
the spatial scale of the plot [24], showing a significant increase in accuracy compared
to semi-empirical (proposed by Oh et al. and Dubois et al. [8–10]) or physical models
(IEM [11–13]) as well as to modified models involving a change in the formalism to correct
observed biases [5,6].

The article is structured as follows: The study site and the data collected in the
plots (surface soil moisture, texture, and roughness) are presented first, along with the
main characteristics of the TerraSAR-X and Radarsat-2 images (Section 2.1). The steps
involved in estimating SAR signals at several intra-parcel spatial scales are then described
(Section 2.2). The results section deals first with the performance obtained in the X-band,
then in the C-band (Section 3). The discussion (Section 4) is divided into two parts, dealing
with SAR signal quality and the influence of input descriptors on the statistical algorithm.

2. Materials and Methods
2.1. Study Area

The study area, identified as a super site in Figure 1a, was located in southwestern
France, near Toulouse (coordinates for the center of the area are 43◦29′36′′ N, 01◦14′14′′ E).
The super site was part of a French observatory called Regional Spatial Observatory
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South-West (RSO SW). The research activities mainly focused on monitoring and assessing
natural and anthropogenic determinants of ecosystem functioning at a regional watershed
scale and its landscape. The observatory was also part of the Pyrenees Garonne Regional
Workshop Area (ZA PYGAR [25]) and the national Research Infrastructure Critical Zone
Observatories: Research and Applications (OZCAR) [26].
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Figure 1. Location of the study site in southwestern France (super site in green in (a)), together with
the network of the studied plots (37) superimposed on an ortho-image provided by the IGN (French
National Geographic Institute) (b). An example of the experimental device is described on a zoomed
window, showing the transect of surface soil moisture and texture measurements. The six considered
circular buffers (5, 10, 15, 20, 25, and 30 m of radius) used to extract the satellite signal are displayed
for three plots according to texture measurements.

The region was governed by a temperate climate with Mediterranean influences, with
an annual rainfall of approximately 600 mm and mean daily air temperature ranging from
a few degrees in winter to 25 ◦C in summer. Topographical conditions were contrasted
between the relatively flat eastern part (with slopes of less than 1◦) and the western part,
where the average slope was close to 4.5◦. Agricultural soils were quite heterogeneous, with
the clay, silt, and sand contents, respectively, ranging from 9% to 58%, from 22% to 77%,
and from 4% to 53%. These soils fall into three classes of the European Soil Map (HYPRES)
texture classification system (i.e., Fine, Medium, and Medium Fine). The study area was
mainly dedicated to agricultural activities. More than half of the landscape was given over
to seasonal crops (i.e., straw cereals, sunflower, maize, rapeseed, sorghum, or soybean).

2.2. Materials

During the experimental campaign carried out from February to November 2010, a
network of plots with alternating vegetative periods and bare soil conditions was monitored
(Figure 1b). The bare soil conditions, the main focus of the present paper, were observed
after the harvest and before the sowing of the next crop (i.e., mainly in spring and autumn,
Figure 2). Depending on the crop and the agricultural practices used, the number and depth
of tillage methods vary between the monitored plots, resulting in contrasting roughness
levels (ranging from smooth before the crop sowing to very rough after deep ploughing).
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Figure 2. Temporal evolution of the number of plots (among the 37 monitored plots) with bare soil
during the 2010 cropping year.

2.2.1. Ground Measurements

An overview of the collection of ground measurements is given below. The experimental
set-up and protocols used to regular top soil moisture (TSM, 0–5 cm), texture, and roughness
data were described in detail in [27].

On each monitored plot, transects were determined to collect geo-located measurements
of TSM and texture (Figure 1). A portable ThetaProbe (ML2x) was used to collect regular
measurements of TSM. By using the calibration relationship established by [27], the signal
delivered in mV was converted in volumetric moisture. For texture, 2 to 8 points were
geo-located on each plot. For each point, 16 cores within a 15 m diameter circle were
collected (to a depth of 25 cm). Clay, silt, and sand fractions were finally derived based on
element size. Measurements of the surface roughness were performed after each tillage
event. Two profiles were recorded parallel and perpendicular to the direction of the tillage
of the plot, using a 2 m long needle profilometer (composed of 201 needles spaced one
centimeter apart). The root mean square height (hrms) and the correlation length (lc) were
derived from the couple of profiles.

The ground measurements were collected quasi-synchronously with satellite
acquisitions (∆t < 1 day for most measurements) on bare soils showing a wide range
of surface conditions, characterized by values of TSM ranging from 3.2 to 34.9%, content in
clay from 9 to 58%, hrms from 0.5 to 6.9 cm, and lc from 1.1 to 16.5 cm.

2.2.2. Microwave Satellite Images

A series of microwave satellite images were acquired by TerraSAR-X (29 images,
λ = 3.1 cm). X-band data were delivered at a HH polarization state using two beam modes
(Stripmap (SM) and Spotlight (SL)), with an incidence angle ranging from 27.3 to 53.3◦ and
pixel spacing ranging from 1.5 to 3 m [28]. The main features of the TerraSAR-X images are
shown in Table 1.

C-band data were delivered at a full quad-polarization (FQP) state (HH, VV, HV, and
VH) by Radarsat-2 (22 images, λ = 5.5 cm). The angle of incidence varied from 24◦ to 41◦

and the pixel spacing was around 5 m [29]. The dates of each acquisition, together with
details of the image configurations, are given in Table 2.
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Table 1. Characteristics of satellite images acquired by TerraSAR-X in 2010.

Mode Pass Incidence Angle
(◦)

Pixel Size
(◦)

Acquisition Date
(MM/DD)

Spotlight D 28.7 2 03/15
Spotlight A 32.3 2 04/14
Spotlight A 45.5 1.75 04/08; 04/30; 08/29
Spotlight D 53.3 1.5 03/05; 05/21; 07/15; 08/17

09/30; 10/11; 10/22
11/02; 11/13; 11/24

Stripmap D 27.3 2.75 02/21; 03/26; 05/09; 05/20
07/14; 08/16; 09/29; 10/10

10/21; 11/12; 11/23
Stripmap A 31.8 2.75 09/15
Stripmap D 41.7 3 02/27; 07/31

Table 2. Characteristics of satellite images acquired by Radarsat-2 in 2010.

Mode Pass Incidence Angle
(◦)

Pixel Size
(◦)

Acquisition Date
(MM/DD)

FQP5 A 23.3–25.3 4.7 × 4.9 03/05; 11/24
FQP6 D 24.6–26.5 4.7 × 4.7 10/21; 11/14

FQP10 A 29.1–30.9 4.7 × 5.1 02/26; 04/15; 05/09; 09/30
FQP11 D 30.2–32.0 4.7 × 5.5 03/26; 08/17

FQP15 A 34.3–36.0 4.7 × 4.8 03/15; 04/08; 05/02; 08/30;
10/17

FQP16 D 35.4–37.0 4.7 × 5.1 05/20; 07/31; 10/11
FQP20 A 39.1–40.7 4.7 × 4.8 11/03
FQP21 D 40.1–41.6 4.7 × 5.1 02/20; 03/16; 07/14

SAR images were calibrated and geo-referenced using ortho-photos (with a resolution
of 50 cm) provided by the French National Geographic Institute. Color compositions based
on TerraSAR-X and Radarsat-2 images (Figures 3a and 3b, respectively) reveal the highly
dissected structure of the study area, as well as the strong heterogeneity between plots,
linked to different surface conditions (e.g., bare soil versus vegetated plots, or with different
levels of surface roughness).
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HH polarization in Stripmap mode (R: 20 March 2010, V: 17 August 2010, B: 24 November 2010) (a),
and from Radarsat-2 images (R: HH, V: VV, and B: HV) acquired on 15 April 2010 (b).
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2.3. Methodology
2.3.1. Statistical Algorithm and Explanatory Variables

Among the wide range of statistical algorithms, the Random Forest (RF, [23]) approach
is particularly appropriate in a multifactorial and non-linear context such as modeling
backscattering coefficients. This algorithm offers the major advantage of better predictive
capability, with a performance far superior to that of multiple linear regressions [24]. In
addition, this algorithm has been used in the field of remote sensing, notably with
microwave images, in contexts of land use and land cover classification, or for the estimation
of variables of interest such as soil moisture [30,31].

A quantitative estimation of the targeted variable is obtained through a weighted mean
of an ensemble of estimations. The bootstrap aggregating procedure allows constructing
independent trees on a subset of samples derived from the original dataset, and presents
the following advantages: a reduced over fitting, a low influence of noise on the data, and
a high stability of the results.

Backscattering coefficients were statistically modeled by considering the same
explanatory variables as those used for semi-empirical or physical-based models [9–13]:
the angle of incidence of SAR images, the soil moisture, the clay and sand fractions, and
the soil roughness (hrms and lc collected in the parallel and perpendicular directions).

2.3.2. Set Up of the Algorithm at Six Intra-Plot Spatial Scales

The geo-location of texture measurements was used to extract the SAR satellite signals
by considering six buffers, with a radius ranging from 5 to 30 m (corresponding to areas
from ~80 to ~2800 m2), and to select the top soil moisture measurements performed within
these areas of interest (Figure 1). Above 30 m, there is too much overlap between zones and
the radar coefficients are not independent enough. One independent RF statistical algorithm
was implemented for each spatial area and each satellite configuration (distinguishing
frequency and polarization states). Whatever the considered case, the dataset was randomly
divided into training and validation sets, each containing half of the data. The number
of available points varied according to the frequency and with the considered size of the
buffer, from 725 (for the 5 m buffer) to 1014 (for other buffers) in the X-band and from 593
(for the 5 m buffer) to 798 (for other buffers) in the C-band. For each considered satellite
configuration and spatial scale, the statistical algorithm was calibrated and then validated
on independent datasets, repeating the procedure ten times.

2.3.3. Accuracy Metrics

The comparison of the observed and estimated values of the backscattering coefficients
was evaluated using two statistical criteria: the mean values of the correlation coefficient
(r, Equation (1)) and the root mean square error (RMSE, Equation (2)). The performances
obtained at the intra-plot spatial scale were finally compared with those previously obtained
at the plot spatial scale, using the same precision metrics [1–7,24].

r =
COV(o, p)

σoσp
, (1)

RMSE =

√
∑n

i = 1(pi − oi)
2

n
, (2)

where n is the number of observed values, o is the observed value, p is the predicted value,
COV is the covariance, and σo and σp are the standard deviations of observed and predicted
data, respectively.
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3. Results
3.1. Multi-Incidence Estimates in X-Band

The statistical performances obtained by comparing the backscattering coefficients
modeled and the values derived from the multi-incidence TerraSAR-X images for buffers
ranging from 5 to 30 m are presented in Figure 4. A notable increase in accuracy is first
observed when considering the three first sizes of buffer (from 5 to 15 m), highlighted
by the rise in the correlation from 0.74 to 0.89, and the decrease in RMSE from 1.56 to
0.94 dB. Then, performances saturate and the gain in accuracy only slightly increases with
the size of the buffer. With a correlation close or up to 0.9 and RMSE lower than 1 dB,
the performances overpass the results presented in several studies, using semi-empirical
or physical models, with validation being performed at the plot spatial scale [1–7]. In
these studies, model performances are first established, showing limited levels of accuracy
(with correlation ranging between 0.06 and 0.59 and an error of 2.3–10.6 dB). The low
performances obtained at the plot scale can be explained by the fact that parameters
measured locally are not fully representative of the surface state at the plot scale. Then, some
studies propose modifications of the formalism to correct certain biases (particularly with
respect to roughness). The proposed methodology consists of identifying and correcting the
residues of the models, depending on the surface properties (roughness, moisture, texture)
and/or sensor characteristics (frequency, incidence angle). They obtained an improvement
in accuracy, with a correlation of 0.69 and error of 1.41 dB, for the best performance obtained
with a modified version of the model proposed by Dubois [5,10].
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Figure 5 presents an example of comparison between modeled and satellite-derived
backscattering coefficients for the buffer of 30 m. At this spatial scale, the proposed
approach is associated with a high level of performance (during training and validation
steps), as evidenced by the correlation of 0.91 (0.91) and the low RMSE of 0.85 (0.83) dB
for the training and (validation), respectively. Such a level of performance exceeds the
previous results obtained at the spatial scale of the plot (correlation of 0.86 and error
of 1.01 dB [24]). Beyond the good overall performance, one phenomenon is particularly
interesting to analyze: the overestimation of simulations for low measured values of the
backscattering coefficient. These conditions apply to smooth, bare, dry soils, for which too
little field data are available to train the statistical model. More measurements are needed
to make up for this deficiency.



Appl. Sci. 2025, 15, 1827 8 of 15

Appl. Sci. 2025, 15, x FOR PEER REVIEW 8 of 17 
 

 

Figure 4. Evolution of the statistical performances (coefficients of correlation and root mean square 
errors, bars and dots, respectively) with the buffer’s size and at the plot spatial scale (PS, [24]) for 
the training (gray) or validation (black) subsets of samples. 

Figure 5 presents an example of comparison between modeled and satellite-derived 
backscattering coefficients for the buffer of 30 m. At this spatial scale, the proposed ap-
proach is associated with a high level of performance (during training and validation 
steps), as evidenced by the correlation of 0.91 (0.91) and the low RMSE of 0.85 (0.83) dB 
for the training and (validation), respectively. Such a level of performance exceeds the 
previous results obtained at the spatial scale of the plot (correlation of 0.86 and error of 
1.01 dB [24]). Beyond the good overall performance, one phenomenon is particularly in-
teresting to analyze: the overestimation of simulations for low measured values of the 
backscattering coefficient. These conditions apply to smooth, bare, dry soils, for which too 
little field data are available to train the statistical model. More measurements are needed 
to make up for this deficiency. 

 
Figure 5. Comparison between simulated and observed backscattering coefficients in X-band for a
buffer with a radius of 30 m. The gray or black colors represent the training or validation datasets,
respectively.

3.2. Multi-Incidence and Multi-Polarization Estimates in C-Band

In the C-band, independent statistical algorithms are trained and validated by
distinguishing the polarization states and, as previously conducted, for buffers ranging
from 5 to 30 m (Figure 6). The evolution of statistical performance with the size of the buffer
shows a similar behavior whatever the considered polarization state. A significant increase
in the coefficient of correlation is observed for the first four intra-plot studied spatial scales
(with correlation values increasing from 0.29 to 0.71, and a decrease in RMSE of more than
2.3 dB, on average), with the gain of accuracy being more moderate for the buffers of 25 and
30 m. In comparison with the X-band, the coefficient of correlation associated with the first
spatial scale is very low in the C-band. Despite the increase in performances accompanying
the change in the intra-plot spatial scale, they remain lower than those obtained previously
for the X-band.

The level of accuracy obtained for the C-band is acceptable and fully consistent with past
studies [1–3,5–7], where several types of modeling were evaluated and classified into two
categories: physical-based [11–13,32,33] and empirical (or semi-empirical) models [6,8–10].
In the present study, for a buffer with a radius of 30 m, the values of correlation and
RMSE are close for modeled co-polarized backscattering coefficients (r close to 0.75 and
RMSE of 1.67 dB), while cross-polarized backscattering coefficients are estimated with
higher correlation and RMSE (r of 0.80 and RMSE of 1.86 dB) values derived from the
validation subset of 399 samples (Figure 7). As observed in the X-band, the values of the
RMSE and correlation obtained with a buffer of 30 m (or even with a buffer of 25 m for
some polarization states) are higher than those obtained with smaller buffers and at plot
scale (as observed and explained for the X-band, Figure 6). The phenomenon of under
sampling of surface conditions observed in the X-band is also observed in the C-band. It
causes bad simulations for low and high values of the backscattering coefficient (whatever
the polarization: VV, HH, and VH) due to smooth and dry or rough and wet surface
conditions. As for the X-band, more ground data are requested for these conditions.
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buffer with a radius of 30 m in three polarization states: (a) HH, (b) VV, and (c) VH. The gray and
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samples, respectively.

4. Discussion
4.1. Variability of the SAR Signal with the Spatial Scale

The variability of the SAR signal with the size of the considered area of interest
is analyzed by focusing on the comparison between the values of the backscattering
coefficients extracted with different buffer sizes. For each studied satellite configuration,
Figure 8 shows the dispersion as well as two statistical parameters (determination
coefficients and RMSE), taking as a reference the signals extracted with the best
performances (with a 30 m radius), as demonstrated in Section 3. The signal variability
decreases with the increasing size of the area of interest, regardless of the SAR signal, with
a rate specific to the configuration of the considered image. In the X-band, the significant
difference observed between the signals extracted with buffers of 5 and 30 m of radius is
rapidly fading, as shown by the values of the determination coefficient and error obtained
from the next spatial scale (R2 of 0.92 and RMSE of 0.60 dB for a 10 m radius). This variability
is higher in the C-band, where the thresholds of 0.9 for the determination coefficient and
1 dB for the RMSE are reached earlier, for areas of interest with a buffer of 20 m radius.

The difference in performance observed between the images acquired in the X- and
C-bands is explained by the characteristics of the sensors onboard the TerraSAR-X and
Radarsat-2 satellites. A first criterion for analyzing the quality of the SAR images is the noise
equivalent sigma zero (NESZ), which measures the thermal noise of the instrument. In
the X-band, the NESZ is equal to −19 dB regardless of the considered beam mode [34],
while the C-band images acquired with the full quad-polarization mode present a best
NESZ of −36.5 ± 3 dB [35]. Whatever the considered beam mode, the value of NESZ
was always lower than the recorded backscattering coefficients. In these conditions, the
median signal noise ratios (SNRs) are equal to 9.78 and 9.93 dB in the X-band, for a
buffer with a radius of 5 and 30 m, respectively. In the C-band, higher values of SNR are
observed, with minimal median values equal to 16.36 and 17.66 dB for a 5 m and 30 m
buffer radius (for signals acquired with cross-polarized states), respectively. Even if some
points are getting closer to the NESZ threshold at the finer spatial scale (especially in
the C-band), the values of SNRs are important and acceptable in most cases. The second
criterion is the radiometric resolution (RRAD). It determines the ability of a SAR system
to distinguish different uniform regions by assuming negligibly the radar noise from the
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distributed target. The RRAD is derived from several parameters of the SAR images (i.e.,
the number of azimuthal and range pixels, the number of azimuthal and range looks, the
azimuth and ground range spatial resolutions, and the azimuth and ground range pixel
spacing). Figure 9 presents the evolution of the RRAD with the size of the buffer for the
three beam modes used in the present study. A comparable exponential decrease in the
value of RRAD is observed, and more than 80% of the RRAD decrease is reached from the
buffer of a 20 m radius. The beam modes are distinguished by their absolute value levels,
closely related to image resolution. The RRAD values are thus maximum for the 5 m radius
buffer, varying between 2.3 and 0.71 dB, and minimum for the 30 m radius buffer, where
they are then between 0.49 and 0.13 dB, for modes FQP and SL, respectively. The decrease
in the radiometric resolution partly explains the increase in the correlation coefficients
obtained in Figures 4 and 6. Indeed, the signals extracted with poor radiometric resolution
(high impact of speckle effects and low number of pixels used to calculate the median value
of backscattering coefficients) give the worst simulation performance. Conversely, signals
extracted with better radiometric resolutions offer better quality simulations.
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SAR modes (full quad-polarization—FQP, Stripmap—SM, and Spotlight—SL modes).

4.2. Influence of the Explanatory Input Variables

Figure 10 summarizes the relative importance of the explanatory input variables of
the modeling approach, based on the results obtained for the 30 m radius buffer. At this
intra-plot spatial scale, the four components of roughness (i.e., hrms and lc measured in the
perpendicular and parallel direction) have a more pronounced relative importance than
other surface descriptors (TSM or texture), whatever the considered satellite configuration
(with a relative importance of 31.4% in the X-band, ~37.0% and 39.3% for the co- and
cross-polarization states in the C-band). Top soil moisture is the second most important
variable, with 27.9% in the X-band and between 30.2 and 31.7% in the C-band (depending
on the polarization state). The texture’s variables only show a limited importance (reaching
a maximum of 15.3% for cross-polarization states in the C-band), with the relative influence
of clay content being always greater than that of the sand content.
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These results show that the influences of the soil descriptors used in the random
forest algorithm are consistent with their influences in empirical, semi-empirical, and
physical-based models [6,8–13,32,33], as reflected in the higher influence of TSM and surface
roughness on the estimation of backscattering coefficients, and the more limited impact
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of texture. The influence of the incidence angle is minimal regarding the cross-polarized
satellite signal (13.7% for VH), which is lower than the relative importance observed for
co-polarized C-band signals (20.2 and 21.2% for HH and VV, respectively). Such a difference
between the polarization states has been already pointed out in previous studies, showing a
lower angular sensitivity of signals acquired in cross-polarization [36]. Finally, the influence
of the incidence angle is higher in the X-band (reaching 33%) compared to the signals
acquired with the same polarization state in the C-band (relative importance close to 20%
for HH). Such difference between frequencies may be related to the range of variation of
the incidence angle of the satellite images used (∆θ in C-band = 16◦, ∆θ in X-band = 26◦).

5. Conclusions
Based on a dense dataset collected on a specific experimental device, the present

study aimed at evaluating the possibilities of modeling backscattering coefficients at the
intra-plot spatial scale on bare agricultural soils. The estimations of the backscattering
coefficient were performed using a statistical approach, at spatial scales ranging from 80
to 2800 m2, and compared to satellite signals acquired by TerraSAR-X and Radarsat-2. A
high level of accuracy was observed in the X-band (with a correlation of 0.91 and RMSE
of 0.83 dB for the 2800 m2 area), while the explained variance was lower in the C-band
(best values of correlation between 0.74 and 0.80, and RMSE between 1.65 and 1.85 dB,
depending on the considered polarization state). Whatever the considered wavelength, the
best performances obtained at the intra-plot spatial scale overpass the level of accuracy
observed at the plot scale in the literature. By applying the modeling approach at the
intra-plot scale, the spatial variability of soil surface descriptors (averaged in plot-scale
approaches) is better considered. This qualification of the possibility of using radar images
on an intra-plot scale opens the way to new approaches for monitoring variables of interest
in an agricultural context. Nevertheless, the dataset will have to be extended with in situ
measurements taken on soils with extreme conditions of roughness (smooth and very
rough) and moisture (dry and saturated). In addition, the approach implemented during
the bare soil period should be tested during the vegetation growing cycles. The accuracy of
the intra-plot approach is strongly linked to the specificities of the microwave signals (i.e.,
NESZ and RRAD), which condition the possibility to get closer to the pixel size. The same
approach could therefore be applied to other satellite missions (e.g., COSMO-SkyMed,
TanDEM-X, Radarsat Constellation, and Sentinel-1) to study whether images can be used
at different spatial scales. It could also be extended to data acquired at higher wavelengths
provided by the L and P-band sensors onboard the current ALOS-2 and ALOS-4 missions,
or forthcoming Biomass satellite. The performances associated with the estimation of the
backscattering coefficients finally make it possible to define an area of interest specific to the
considered signal (~700 m2 and ~2000 m2 for the tested images, respectively, acquired in the
X- and C-band), useful for future approaches to estimating surface moisture or roughness
at intra-plot spatial scales.
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