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Abstract: Fractals are widely recognized as one of the best geometric models to depict soil roughness
on various scales from tillage to micro-topography smaller than radar wavelength. However, most
fractal approaches require an additional geometric description of experimental sites to be analysed
by existing radiative transfer models. For example, fractal dimension or spectral parameter is often
related to root-mean-square (RMS) height to be characterized as the microwave surface. However,
field measurements hardly represent multi-scale roughness. In this study, we rescaled Power Spectral
Density with Synthetic Aperture Radar (SAR)-inverted rms height, and estimated non-stationary
fractal roughness to accommodate multi-scale roughness into a radiative transfer model structure.
As a result, soil moisture was retrieved over the Yanco site in Australia. Local validation shows
that the Integral Equation Model (IEM) poorly simulated backscatters using inverted roughness as
compared to fractal roughness even in anisotropic conditions. This is considered due to a violation of
time-invariance assumption used for inversion. Spatial analysis also shows that multi-scale fractal
roughness better illustrated the hydrologically reasonable backscattering partitioning, as compared to
inverted roughness. Fractal roughness showed a greater contribution of roughness to backscattering
in dry conditions. Differences between IEM backscattering and measurement were lower, even when
the isotropic assumption of the fractal model was violated. In wet conditions, the contribution of
soil moisture to backscattering was shown more clearly by fractal roughness. These results suggest
that the multi-scale fractal roughness can be better adapted to the IEM even in anisotropic conditions

than the inversion to assume time-invariance of roughness.

Keywords: soil roughness; soil moisture; fractal method; power-law spectrum; synthetic aperture
radar (SAR)

1. Introduction

Radars remotely sense the microwave signals of natural surfaces to provide us with
high-resolution geological and geographical features. In dry soils devoid of vegetation,
the signals of synthetic aperture radar (SAR) are mainly attributed to the morphological
properties of the land surface. On Earth, SAR imagery is applied to investigate geological
features in the volcanic and desert regions [1]. Thus, radar backscattering amplitude is
often used to explore natural surfaces not only on the Earth but also on other planets in
this solar system [1]. For example, the land surface of the moon is observed with miniature
synthetic aperture radar (Mini-SAR) at S- or X-band [2]. It is used to investigate several
issues such as human outposts and rover trafficability. In addition to geography, SAR
images are also employed to monitor various disasters such as flooding, landslides, oil
spills, or forest fires. For example, Di Martino, et al. [2] suggested fractal geometry to
monitor inundated areas with SAR images. Voigt, et al. [3] applied SAR images to assess
the landslide-affected area in the Philippines.

In particular, SAR-retrieved roughness is widely used for various applications. Geo-
logically, a change in surface roughness in volcanic areas reveals eruption patterns, lava
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age, or the distribution of lava flow [4]. It is also useful to monitor alluvial depositions
in arid areas, as they are related to climate change-driven surface instability [5]. In this
study, SAR roughness is referred to as a geometric and topographic feature of the natural
surface factors that alter SAR backscatter on multi-scales from several millimetres to sev-
eral meters: the small scale is affected by speckle or micro-topography such as a type of
grain at the scale of radar wavelength; the intermediate scale is affected by vegetation at
sub-pixel levels; the large scale is related to overall image texture due to incidence angle,
orientation, tillage, or mountain [2,6]. The effect of roughness on SAR backscatter affects
the retrievals of soil moisture because radar backscattering is sensitive to both dielectric
(soil moisture) and geometric (roughness) soil surface properties [7]. If other parameters
such as sensor configuration and roughness are fully determined, dielectric constants are
all that remains to infer soil moisture from SAR backscattering. Thus, the appropriate
estimation of roughness is an important prerequisite for successful soil moisture retrievals.

In general, the roughness locally measured in the field is expressed as a vertical (root-
mean-square, [8] rms height) or horizontal (correlation length) variation [9]. This intrinsic
roughness is on the small scales near the radar wavelength approximately 5cm for the
C-band. If the surface is ‘stationary’ random with a Gaussian height distribution, a mean
elevation, and a standard deviation of surface height, an autocorrelation function (ACF) can
provide a statistical description of the surface as constants. They can be directly measured
in the field with a mesh board profiler, laser profilometer, laser scanner, pin profiler, needle,
or 3D photogrammetry [10,11]. However, it takes too much effort and time to acquire a high
density of measurements to construct a variability in surface micro-topography. In addition,
it is common to measure a transect of surface roughness in an isotropic condition. However,
SAR data are not isotropic as usual. More importantly, Mattia and Le Toan [8] stated
that roughness is not (truly) intrinsic, but depends on profile length, sampled distance,
or measurement resolutions. They further discussed that the IEM backscattering values
simulated with the local measurements of roughness show poor agreement with measured
backscattering, due to the inadequate description of natural surfaces.

The other approach used for a spatial scale estimation of roughness is an inversion
to extract the roughness from SAR backscattering. Lievens, et al. [12] attempted to invert
effective roughness from C- and L-band SAR backscattering. From a wide range of rms
height and correlation in Look Up Table (LUT), they selected optimal values to minimize
retrieval errors in soil moisture and differences in backscattering with SAR measurements.
A number of studies successfully applied a LUT inversion approach for the retrievals
of surface roughness and soil moisture [13-16]. However, Lievens, et al. [12] stated that
inverted roughness should be considered as a tuning parameter to fit with the Integral
Equation Model (IEM), instead of intrinsic roughness in a geometrical sense.

Unlike the (single-scale) intrinsic roughness of a stationary process that takes into
account the micro-topography (e.g., soil texture, grain size, or height variation) on the
scale of radar wavelength, the fractal surface is non-stationary, and exists on multi-scales
from several millimetres to meters [6,11,17,18]. ‘Non-stationary’ means that roughness
parameters depend on the location to be measured or the profile length. However, spatial
variability is periodic and self-affine. Because fractals model a common nature across the
scales and self-similarity between small-scale and large-scale topography, as introduced by
Mandelbrot [19], they are scale-invariant.

The backscattering from fractal surfaces is thus affected by the different ranges of
roughness from stationary intrinsic surfaces. Instead of rms height, correlation length,
and the ACF of roughness parameters, it is usually described by the roughness power
spectrum associated with fractal dimension, spectral slopes, and other parameters. One
of the most commonly used fractal models is fractional Brownian motion (fBm). With
the power-law behaviour and fractal surface, researchers have made some improvements
in backscattering model simulation [8,9,20]. From a variogram and power spectrum of
the DEM from interferometric SAR, fractal parameters such as fractal dimension, Hurst
exponent, or incremental standard deviation are retrieved and used to compare analytical
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and theoretical backscattering, resulting in a good agreement [2,21]. Others attempted to
re-define intrinsic roughness such as rms height and correlation length with power-law
roughness spectral parameters [5,10,22]. This “pseudo’ rms height and correlation length
are suggested to be profile length-dependent as non-stationary fractal roughness.

However, none of those previous studies stated above examined how fractal properties
alter a partitioning of backscattering, although they emphasized the significance and sensi-
tivity of roughness to soil moisture retrievals and investigated the influence of multi-scale
roughness on backscattering simulation. Backscattering itself does not inform partitioning
between soil moisture and roughness. Secondly, most of the fractal approaches stated
above are based upon an empirical approach and require local information of geometric
conditions. However, such information is often not available on the spatial scale. It is
uncertain whether a priori knowledge will be applicable to the study area of interest. In
addition, after reviewing more than a hundred publications on fractal geometry, Nayak,
et al. [23] stated that fractal models may encounter errors due to the inaccuracy of fractal
parameters estimated or the poor quality of an input image. In fact, SAR data are vulnerable
to speckle at sub-pixel levels, and often contain calibration errors. They are not isotropic
as most of fractal models assume. Thus, it is important to investigate how multi-scale
roughness will affect soil moisture retrievals and backscattering partitioning.

This research aimed to answer the question of how to adopt multi-scale roughness
into a radiative transfer model structure, when the isotropic assumption of the power-law
spectrum is not applicable to SAR data [2,24], and to assess whether a violation of the
isotropic assumption of fractal approach is more detrimental than that of a time-invariance
assumption of inversion. The objectives of this study are (i) to suggest an approach to
determine multi-scale roughness and (ii) to compare the effects of single-scale roughness
with those of multi-scale on the IEM backscattering model and its partitioning between
roughness and soil moisture. Due to a limitation of IEM, only near-bare soil conditions
were considered for this study.

2. Methods

Figure 1 illustrate the Conceptual diagram for fractal approach, while Figure 2 shows
the study sites.

Step 2 Step 1

Update PSD with SAR rms height: Conventional
Equation (3) o inversion:
l Invert rms height from
S SAR backscattering
tep 3 .
Linear-fit a slope « and offset ¢
with frequency and PSD of random
surface : Equation (4)

Step 4 l

Non-stationary fractal roughness:
Estimate pseudo-rms height and
correlation length with @ and c:

Equation (7), (8)

:

Figure 1. Conceptual diagram for fractal approach.
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Figure 2. The Soil Moisture Monitoring Network (MSMMN, https://www.oznet.org.au, accessed on
19 August 2019) at the Murrumbidgee catchment and two Yanco sites [25].

2.1. Study Site

The Yanco site is a flat plain in southwestern New South Wales in Australia. Yanco A3
station is hereafter referred to as YA3 (latitude: 34°44'6.756" S, longitude: 146°4'55.092" E,
elevation: 132 m). Yanco A5 is hereafter shown as YA5 (latitude: 34°42'46.2888" S, longitude:
146°7'39.7632" E, elevation: 136 m). The spatial domain for YA3 ranges from latitude of
34°44/23.64" S to 34°43/55.2” S and from longitude of 146°4'40.8" E to 146°4'58.44" E.
YA5 ranges from latitude of 34°42'54” S to 34°42/39.6” S and longitude of 146°7'33.6”
E to 146°7'47.64" E. During this study period (Day of Year (DoY) 25~145 at the YA3
site, and DoY 1~145 at the YAS site) in 2018, the soils were near-bare with no change
in vegetation growth (for example, the Leaf Area Index (LAI) was 0.2, approximately).
Soil moisture measurement for these sites was obtained from the OzNet data archive
(http:/ /www.oznet.org.au/, accessed on 19 August 2019) [25]. Soil texture was silty clay
(conversation with Dr. Jason Beringer). Soil temperature at the top 5 cm was 25 °C during
the experimental period, approximately. Unfortunately, the measurements of surface
roughness (e.g., RMS height or correlation length) and rainfall data were unavailable.

2.2. Inversion of Soil Moisture from Sentinel-1 Backscattering

Sentinel-1 operates at C-band (5.4 GHz). The 2018 data in interferometric Wide (IW)
swath mode (VV + VH Polarization, descending orbit) at Ground Range Detected (GRD)
were accessed on 2019-7-10 from Copernicus open access hub, processed by ESA. They
have a high spatial resolution at 20 x 22 m, and a pixel spacing at 10 x 10 m. This has
an improved revisit time of 12 days over the Yanco sites. Unfortunately, multi-angular
data were not available over this location. The incidence angles over the study area were
uniform at 35~38°, approximately. Gridded time-series SAR images were produced through
pre-processing steps which included radiometric and terrain correction (Range-Doppler
Terrain Correction), and multi-temporal speckle filtering. Calibration was performed by
using the approach of Laur, et al. [26].

Surface roughness was inverted via IEM from SAR backscattering [27-29].

k2 o 2W"(—2kx, 0
Thp :Eexp( —2k2s?) Y s Iop WH(=2kx,0) - )
n=1 :

)

where the subscript pp indicates the polarization, k is the wave number, and s is the rms
height. In addition, kx = k sinf, k, = k cosf, where 6 is the incidence angle. Ipp™is a
function of the Fresnel reflection coefficient, relative permittivity, and permeability of the
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surface, and W" is the Fourier transform for the n th power of the normalized surface
correlation function.

The IEM requires rms height, correlation length, as well as autocorrelation function at
single scale for inputs [30]. To estimate these, an inversion algorithm selects the roughness
values from the LUT with a wide range of rms height at 0.22~4 cm and correlation length
at 0.2~11 cm when IEM simulates Sentinel-1 backscattering values [28].

min | Ogentinel-1 — O1EM (€, RH) | 2)

where o is backscattering, and the subscript describes a source of backscattering. IEM
backscattering is shown as a function of the ¢ dielectric constant and RH soil roughness. It
was assumed that roughness does not change during the acquisition of three SAR images,
while soil moisture changes [12]. The roughness retrievals were further used to estimate
the dielectric constants through IEM. Dielectric constant was converted to soil moisture
by soil texture [31]. This is step 1 in Figure 1, where the overall procedure for estimating
fractal roughness is summarized.

2.3. Fractal Roughness

In step 2 of Figure 1, we calibrate the power spectral density with SAR rms height. For
a randomly rough surface where the surface height profile z(x,y) (2D surface area as A?)
follows a Gaussian random process, the statistical properties of the surface are defined by
the power spectrum. The area under the power spectral density curve is equivalent to the
square of rms height s [5,32], as follows:

9=$iﬂh@f ®)

where S(fy f,) is the 2D power spectral density (PSD) with spatial frequency fy (27tm/A)
and f, (2mn/A), the number of pixels m in the x-direction, and 7 is the y-direction. It is
estimated by fractal surface (e.g., Hurst exponent 0.5) through f —2(H+1) [33]. However, the
PSD estimated in this way does not reflect SAR roughness characteristics as defined by
IEM. PSD was thus updated and normalized using Equation (3) (e.g., multiply PSD by the
ratio of s? from SAR and s? in Equation (3)). From an inverse Fast Fourier Transform of
PSD, it is also possible to artificially construct the random surface with height z(x,y).

Then, in step 3 in Figure 1, from the spectral parameters obtained from random
surfaces, we can estimate the non-stationary fractal roughness. The one-sided power-law
spectrum is valid over the interval 0 < f, < oo [24].

S(fx) = c/fi" 4)

where log(c) is the offset, and « is the spectral slope of the 1D profile (1 < o < 3). By wave
number k = 27f,, (4) can be rewritten, as follows:

Sk (k) = Cie/ k™ (5)

If taking log for (4) and (5), the offsets of wave number and frequency have the
following relationship [5]:

log(c) = log (Cy) — odog (27) (6)

From linear-fitting the parameters Sy (k) and k in (5) on a log-log scale as shown by
Figure 3, « and c are retrieved to estimate pseudo- intrinsic roughness [5] (see Figure 3), as

follows: )
cLe1)?2
o (2)
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log S(k)
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where [* is the effective correlation length, and L is the profile length. These roughness
conditions were inserted to IEM. The remaining procedure to retrieve soil moisture with
roughness is the same as noted in Section 2.2.

L

—%— Fractal data
—*— Fitting curve

L L

-1.1

-0.9

-0.8 -0.7 -0.6

log K
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Figure 3. Fitting the slope o with log(S(k))-log(k): (a) Yanco 3A and (b) Yanco 5A.

3. Results and Discussion
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The multi-scale roughness is not measurable from the intrinsic roughness locally
measured in the field. Instead, we investigate the impact of multi-scale roughness on
soil moisture retrievals and backscattering simulation, and discuss the difference between
single- and multi-scale roughness.

3.1. Validation of Soil Moisture Retrievals at Local Point Scales

The YA3 local station is in bare soils with almost no vegetation growth. In Figure 4a,b,
fractal multi-scale roughness is compared with inverted single-scale roughness. Figure 4
shows how roughness estimates change when fractals are taken into account. A quantitative
comparison for local stations is illustrated in Table 1. The main difference was that inverted
roughness was time-invariant due to its assumption described in Section 2.2. In contrast,
fractal roughness was time-varying, although it used the same static inverted roughness
as input. Additionally, the magnitudes or extents were different to each other. In other
words, inversion slightly overestimated rms height and correlation length, while the fractal
approach somehow underestimated them.

At the YAS station, there is slight vegetation growth (LAI 0.2 to 0.5), suggesting a
violation of the time-variance assumption used for inversion in Section 2.2. Each method
suggested diverse values of roughness in Figure 5a,b, showing that the time-average
of rms height is 0.22~1.47 cm, and that of correlation length is 0.57~8.63 cm. Inversion
suggested more rough surfaces, but roughness decreased with increasing LAIL In contrast,
the fractal approach exhibited relatively smoother surfaces and an increase with LAI,
showing high correlation length at 8.63 cm. However, similarly to the YA3 station, this
difference in roughness did not make much difference in the time-average of soil moisture
retrievals at 0.12~0.10 m3/m3, RMSEs at 0.03~0.033 m3/m?, and cost in backscattering
at 0.0126~0.0127 dB. However, a negative bias of inversion was found at —0.016 m3/m?
while that of the fractal approach was lower at 0.005 m®/m?. Because all other retrieval
conditions, except roughness, were the same for both inversion and the fractal approach in
YAS5, this implies that IEM poorly simulated the dielectric constant with inverted roughness
in roughness-varying conditions.
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Figure 4. Temporal evolution at Yanco 3A: (a) inversion roughness and (b) fractal roughness.

Table 1. Time-average roughness and soil moisture data at local stations.

YA3 YAS5
Fractal Inversion Fractal Inversion
rms height
Roughness (cm) 0.42 0.87 0.22 1.47
Correlation
length (cm) 1.22 3.00 8.63 0.57
Mean 0.04 0.037 0.12 0.10
. . (m”/m>?)
Soil moisture RMSE
(m3/m?) 0.01 0.01 0.033 0.03
Bias (m3/m?) 0.01 —0.001 0.005 —0.02
Cost in
backscatter- 0.03 0.78 0.013 0.01
ing (dB) *

* Difference is the difference between IEM and Sentinel-1 backscattering.
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Figure 5. Temporal evolution at Yanco 5A: (a) inversion roughness and (b) fractal roughness.

However, these dissimilar values of roughness did not make much difference in soil
moisture retrieval outputs, as shown in Figure 6a. More specifically, in Table 1, the soil
moisture RMSE of inversion was 0.01 m®/m?3, while that of the fractal approach was
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0.012 m3/m3. Their time-average of consequent soil moisture retrievals was similar at
0.037~0.044 m3/m3, although rms height was varied at 0.4~0.9 cm, and correlation length
was varied at 1.2~3 cm. Given that all other retrieval conditions, except roughness, were
set to be the same for both inversion and fractal approach, this convergence is consid-
ered because of the equa-finality of a radiative transfer model, meaning that different
composites of dielectric constant and surface roughness produce the same backscattering
coefficient [11]. However, it is stated that the performance of IEM was different. In Table 1,
when a cost in backscattering (Ac®) of inversion is higher at 0.78 dB, there was almost no
bias at —0.000905 m?®/m3. This implies that IEM poorly simulated backscattering with
inverted roughness. For comparison, the difference in backscattering was 0.03 dB for
fractal roughness.

02 ; , : : : - 0.4
- —#— SAR (Inversion) ~035} —*F— SAR (inversion)
E S— field measurement e —&— field measurement
“£ 015 #— SAR (Fractal) m; 03l —#— SAR (fractal)
()] N~
b= 025
S o4 Z o2
£ =
—— * —
§ ‘ 2015
§005§ § 0.1
= : =
@ @ 005}

0 0

40 60 80 100 120 140 0 50 100 150

DoY DoY
(a) (b)

Figure 6. Time-series surface soil moisture: (a) YA3 and (b) YAS.

Taken together, in this Yanco site, fractal roughness is likely to better represent geo-
metrical properties, because fractal roughness better reduced a retrieval bias in roughness-
varying YA5 and simulated backscattering at YA3 at an acceptable bias level. This is consid-
ered because the time-invariance assumption of inversion was violated. In natural surfaces,
roughness often changes, because soil evaporates, rain falls, and vegetation changes.

This statement is also valid in consideration of a priori knowledge. More specifically,
the time-average of inverted correlation length at YA5 was found to be extremely low
at 0.57 cm, given the rough surface with rms height of 1.47 cm. This level of correlation
length was also out of a normal range (2~20 cm) of intrinsic correlation length often found
over various surfaces [9,10]. In contrast, fractal roughness was within a geometrically
typical range of the intrinsic roughness values normally suggested for both rms height and
correlation length, although fractal roughness does not necessarily need to be in accordance
with single-scale intrinsic roughness.

3.2. Spatial Distribution of Surface Roughness: Single-Scale vs. Multi-Scale

In Figure 7, the YA3 site was found to be anisotropic. The inverted rms height is
spatially compared with the fractal approach which can be violated by the isotropic as-
sumption. The spatial average of inversion was slightly higher at 0.982 cm than that of
fractal approach at 0.574 cm. So was the spatial variation. However, the overall spatial dis-
tribution patterns themselves were similar to each other, implying that a fractal estimation
seems to be influenced by inverted rms height as input. Similarly, in the less anisotropic
YAD5 in Figure 8, the spatial average of inversion was slightly higher at 0.78 cm than that of
the fractal approach at 0.23 cm. Taken together, the fractal approach suggested smoother
surfaces at both sites, and its pattern was similar to that of inversion.
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Figure 7. Spatial distribution of rms height at YA3 on DoY 49: (a) inversion and (b) fractal approach.
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Figure 8. Spatial distribution of rms height at YA5 on DoY 73: (a) inversion and (b) fractal approach.

However, when it comes to correlation length, their spatial patterns contrasted with
each other. In Figure 9, the inverted correlation length at the YA3 site is compared with
the fractal approach. Similarly to the single-scale rms height, the spatial average of the
inverted correlation length was higher at 4.1 cm than that of the fractal approach at 1.47 cm.
The areas with a higher correlation length (shown in yellow in Figure 9a) in inversion
were suggested to have lower levels (shown in green and blue in Figure 9b) in the fractal
approach. In other words, the spatial distribution of the inverted correlation length had a
negative relationship with that of rms height (i.e., smooth areas with lower rms height have
a higher correlation length). In contrast, the fractal approach had a positive relationship for
the spatial distribution of roughness (i.e., rough areas with higher rms height also have a
higher correlation length) [33]. At the less anisotropic YAS site, roughness was spatially
random, less likely violating the assumption of fractal models. In Figure 10, the spatial
average of the inverted correlation length was lower at 3.18 cm than that of the fractal
approach at 9.42 cm.
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proach.
-34.711 -34.711
-34.7115 -34.7115 10
. -34.712 -34.712 8
3 M
5, -34.7125 g -34.7125
3 R, 6
T -34713 | S 34713
z :
E -34.7135 = -34.7135 4
© ©
- —
-34.714 -34.714
2
-34.7145 -34.7145

146.126 146.127 146.128 146.129
Longitude(degree)

146.126 146.127 146.128 146.129
Longitude(degree) cm

cm

(a) (b)

Figure 10. Spatial distribution of correlation length at YA5 on DoY 73: (a) inversion and (b) fractal
approach.

3.3. Impact of Roughness on Surface Soil Moisture Retrievals

Figure 11 shows the spatial distribution of soil moisture retrievals and related variables
at the anisotropic YA3 site. As illustrated by local validation in Figure 6a, both inversion
and the fractal approach agree with the fact that it is mostly very dry. The spatially
averaged soil moisture of inversion was found to be 0.052 m®/m3, while that of the fractal
approach was 0.061 m®/m3. With respect to the elevated backscattering shown in yellow in
Figure 11c, both methods agree with the fact that roughness contributed to backscattering
more than soil moisture. In more detail, inversion showed a strong relationship between
backscattering and correlation length, while fractal roughness exhibited a contribution
marginally from soil moisture and partially from rms height. Interestingly, although the
isotropic assumption was violated at this site, the cost minimization of backscattering for
the fractal approach was smaller at 0.42 dB as the spatial average, compared to that of
inversion at 0.878 dB. This suggests that this approach may mitigate the effects from the
assumption violation of the fractal model.
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Figure 11. Spatial distribution around YA3 site on DoY 49: (a) surface soil moisture (m3/md)
estimated using inversion; (b) surface soil moisture (m>/m?3) estimated using the fractal approach; and
(c) Sentinel-1 backscattering.

Figure 12 shows that fractal roughness better captured the strong contribution of soil
moisture to backscattering at the less anisotropic and wetter YAS site. Similarly to local
validation in Figure 6b, both inversion and the fractal approach agree with the fact that it is
moderately wet. The spatial average of inverted soil moisture was found to be 0.11 m?®/m?,
while that of the fractal approach was 0.18 m3®/m?. However, there was disagreement
over the area shown in green in Figure 12b. Over this area, the fractal approach reported
wetter soils than inversion. Considering that this wetter area shows higher backscattering,
shown in yellow in Figure 12c (the spatial average of Sentine-1 backscattering: —17.1 dB)
but there is no particular increase in roughness, the fractal approach clearly suggests that
soil moisture is a main contributor to backscattering over this area. In contrast, such a
feature is less clear in inversion. The fact that the soil moisture distribution of the fractal
approach is coincident with that of the backscattering measurement satisfies the theoretical
relationship between the dielectric constant and backscattering. Combining this positive
spatial relationship with a local validation of fractal roughness that showed a reduced bias
at YA5 in Section 3.1 and Table 1, it is suggested that the use of multi-scale roughness may
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of the fractal approach was higher at 0.25 dB on spatial average, as compared to inversion
at 0.0154 dB. However, as compared to the anisotropic YA3 site at 0.4~0.9 dB, this value is
lower and acceptable.

-34.711 04
-34.7115 0.35
& 712 los
o
5 347125 025
T
T -34713
E 0.2
2 347135
S5 0.15
-34.714
0.1
-34.7145
0.05
146.126 146.127 146128 146129 146126 146127 146128 146129 3,3
. Longitude(degree)
Longitude(degree)
(a) (b)
34711
347115 1
34712
(0]
o 14
2 347125
8
S 34713 6
O
2 347135
3 18
34714
347145 -

146.126 146.127 146.128 146.129 dB
Longitude(degree)

(c)

Figure 12. Spatial distribution around the YA5 site on DoY 73: (a) surface soil moisture (m3/md)
estimated using inversion; (b) surface soil moisture (m3/m?3) estimated using the fractal approach;
and (c) Sentinel-1 backscattering.

4. Conclusions

A novel method to estimate spectral parameters from SAR-retrieved rms height was
proposed. It was investigated whether fractal roughness can better simulate IEM than
inversion. Both have different limitations. Inversion is restricted by the time-invariance
assumption of roughness, while it is assumed to be isotropic for the fractal model.

In anisotropic bare soils, local validation shows that IEM poorly simulated backscat-
tering with inverted single-scale roughness. In the isotropic soils at YA5, fractal roughness
better reduced retrieval biases. From the spatial comparison of soil moisture and roughness,
we found that the fractal approach seems to better represent a partitioning of Sentinel-1
backscattering. In the dry conditions at YA3, both methods reported that roughness con-
tributed more to the elevation of backscattering. Although the isotropic assumption was
violated, IEM better converged to Sentine-1 backscattering using the fractal model. In the
less anisotropic but wetter YAS, the fractal approach clearly showed a positive relationship
between Sentinel-1 backscattering and soil moisture.
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It is thus suggested that a multi-scale fractal approach better simulated IEM and
hydrological features, regardless of isotropic orientation. However, there is a limitation in
this approach. Due to fundamental limitations of IEM, only near-bare soil with no dense
vegetation was investigated. To further develop this approach, future work will extend this
suggested method to larger study domains with volume scattering of vegetation.
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