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Abstract

Soil moisture is a very important parameter influencing many hydrological and climatic processes. It
is also a key factor in agriculture, determining crop yields and thus influencing food security. It is
crucial to model this variable for large areas with high spatial and temporal resolution and good
accuracy. The aim of this study is to develop a soil moisture model for bare soils from Sentinel-1 SAR
data that would be characterized by high spatial resolution and would be universal enough to be
applicable to large areas of various soil types, textures and large ranges of roughness. Over 800 soil
moisture measurements from five study areas located in different parts of Poland were used. The
work was performed on Sentinel-1 data registered between March 2024 and March 2025 using both
backscattering and polarimetric analysis. The soil data were obtained from a 1:5000 scale soil map
available online for Poland through the soil-agricultural geoportal. The results of Random Forest
modeling of soil moisture based on backscattering were relatively poor with R?>=0.46 and 7.15% soil
moisture accuracy. In the case of polarimetric channels results were slightly better only. The best
results were obtained taking into account the clay content (particles < 0.002mm) in the soil. The soil
moisture accuracy of 5.16% with R?>=0.71 was achieved.

Keywords: soil moisture; soil texture; Sentinel-1; SAR; random forest

1. Introduction

Soil moisture is an extremely important parameter influencing many hydrological and climatic
processes. It influences infiltration rates, surface runoff, flooding and evapotranspiration [1]. It is also
a key factor in agriculture, determining crop yields and thus influencing food security.

The widespread importance of soil moisture in many processes makes it crucial to model this
variable for large areas with high spatial and temporal resolution. There are a number of remote
sensing methods for measuring soil moisture [2], primarily using passive radiometers [3,4] and active
SAR sensors [5-7]. However there are also other solutions based e.g. on physics informed machine
learning [8]. None of these methods alone is currently sufficient to address the challenges of
providing soil moisture information for very large areas with good spatial resolution and satisfactory
accuracy. Methods based on radiometers and scatterometers, such as SMOS [4,9,10] or ASCAT [3] are
very sensitive to soil moisture and can provide information even on a global scale, but are
characterized by poor spatial resolution, on the order of kilometers. Soil moisture obtained by these
methods is a very important element of hydrological and climate models on a national, continental
and global scale [11-13] however, it is completely insufficient for many other purposes related to e.g.
agriculture, where obtaining accurate soil moisture with good spatial resolution at field scale is an
extremely important factor.
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This domain is primarily filled by methods based on active SAR data. However, they only
provide information from the thin top layer of the soil. In the case of C-band data, this is only 1-2 cm
[14]. The problem with measuring soil moisture using SAR data is also sensitivity of the signal to soil
roughness and texture [15-18], as well as vegetation covering the soil [19-22]. The knowledge about
these parameters is often insufficient. The high spatial variability of them causes that in many cases
SAR-based models are only valid locally or applicable to a certain range of soil parameters. There are
methods that attempt to combine all these challenges, such as the SSM Copernicus [23]. It combines
data from the active Sentinel-1 SAR sensor and the ASCAT scatterometer. It results in a relatively
high spatial resolution of 1 km. However, this is still far from the 10-meter resolution of Sentinel-1
SAR data. Another example of a globally available 1 km spatial resolution soil moisture model is the
solution based on physics informed machine learning [8]. The best results regarding combining high
spatial resolution of soil moisture products with a large coverage are presented in [24]. This solution
combines high-resolution land surface modeling, radiative transfer modeling, machine learning,
SMAP satellite microwave data, and in-situ observations. The resulting soil moisture dataset of 30 m
resolution is available for the conterminous United States.

Many algorithms relating SAR backscattering to soil moisture, consider soil roughness as an
additional parameter [5,25]. Various physical soil moisture and roughness models exist, such as
Dubois and CIEM [26,27]. Soil roughness itself is a rather difficult parameter to measure in the field
but can be parameterized using models. CIEM model uses relative height variability and correlation
length to parametrize soil roughness. These studies have shown that soil roughness can reduce
uncertainty in soil moisture modeling. However, these models often have very limited applicability
due to their validation only for a limited roughness range or their reliance on very local studies. There
are also many studies in which soil moisture is modeled using machine learning algorithm [28-31].

Most of SAR soil moisture studies is based on modeling of SAR backscattering coefficient,
however, there are also solutions taking into account polarimetric signal decomposition methods
[19,27,32-34]. The aim of them is to determine the scattering mechanisms dominating in the radar
signal and thus provide additional information on the structure of the objects, including its roughness
[35].

Relatively few soil moisture algorithms consider soil texture as an additional parameter. It has
a significant impact on soil water retention and, therefore, the ability of SAR data to penetrate deeper
into the soil. However, there are a number of studies that examine the relationship between soil
texture and microwave radiation [16,17,36] or microwave and optical radiation [37]. Some of these
also incorporate soil texture into moisture modeling [18,38].

The aim of this study is to develop a soil moisture model for bare soils from Sentinel-1 C-band
SAR data that would be characterized by high spatial resolution at field scale and would be universal
enough to be applicable to large areas characterized by various soil types and various roughness,
from relatively smooth to very rough e.g. after ploughing. This goal can be achieved using Sentinel-
1 SAR data by incorporating soil texture into soil moisture modeling. This study takes into account
only the clay content (particles < 0.002 mm) of soils. The work also analyzes whether Sentinel-1 dual
polarimetric decompositions can be helpful in determining soil roughness and texture.

2. Materials and Methods
2.1. Study Areas

This research was carried out in five study areas located in different parts of Poland. Three of
them are located near Warsaw in central Poland, one in Wielkopolskie Voivodeship in the west, and
one in southern Poland. The sites were selected in agricultural areas with the concentration of large
fields within a relatively small area. This improved the logistics of field measurements and allowed
for the location of measurement points, within each field, far from the field edges and from each
other. This allowed the use of relatively large windows for speckle noise reduction of SAR data
without affecting the backscatter by other land cover on field edges, like trees, etc. Areas were
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selected taking into account high variability in soil type and texture, their water retention capacity,
and hydrographic conditions.

The areas were located in different parts of Poland, with varying rainfall amounts, to enable the
collection of a large number of data characterized by the widest possible range of measured soil
moisture for each soil type and varying soil roughness in a relatively short time.

Three areas located around Warsaw: OBORY, MEOCHOW, and BRWINOW are completely flat.
The slope of the terrain in the measured fields does not exceed 2-3°. The JECAM area in Wielkopolskie
Voivodeship is mostly flat. Only the north-eastern part of the area is more hilly with slopes not
exceeding 5°. The Kedzierzyn-Kozle area consists of two parts. One is located in the Oder River valley
and is completely flat, while the other is located on the Glubczyce Plateau and is partly hilly, with
slopes not exceeding 10°. The location and names of the study areas are presented in Figure 1.
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Figure 1. Location of study areas.

2.2. Data Sets
2.2.1. Soil Moisture Measurements

Field soil moisture measurements were carried out using a handheld IMKO TRIME-PICO 64
probe measuring soil moisture at a depth of 0-16 cm [39]. In total, soil moisture measurements were
taken at 595 points, in fields with bare soil of varying roughness, from relatively smooth to very rough
e.g. after ploughing with roughness up to approximately 20 cm. Some examples are presented in
Figure 2. At some points located around Warsaw, measurements were taken several times a year at
different soil moisture and roughness conditions. Plots for soil moisture measurements were selected
taking into account the diversity of soil types and species, as well as the observed soil surface
roughness associated with the current phase of agricultural practices. Soil information was obtained
from online soil and agricultural geoportal [40]. Each plot typically had 4 to 10 measurement points
arranged in two rows, approximately 40 m apart. This design was modified if it made it possible to
capture greater variability in soil moisture within a single field, resulting from variations in micro-
relief, water conditions, or soil type and structure.
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Figure 2. Examples of the soil roughness variability.

Five independent measurements were taken at each measurement point: one in the center and
four approximately 4 meters away in four different directions. The results were averaged to a single
value, which was then referenced to a single Sentinel-1 pixel of 10m x 10m resolution. This approach
was aimed at achieving the best possible adequacy of field measurements with the information
contained in SAR data, as in some fields (especially those with high roughness) significant variation
in soil moisture measured within a 10x10 meter area were observed, resulting from varying soil
structure, due to the for example agricultural practices. Table 1 presents measurement statistics for
each study area.

Table 1. Soil moisture measurement area statistics.

Study area Measurement days Number of fields Measurement points Measu:ement
Brwinow 4 24 159 253
JECAM 2 20 100 100
Kedzierzyn-Kozle 2 27 121 121
Obory 15 19 196 333
Mtochéw 1 3 19 19
Overall 24 93 595 826

Soil moisture measurements were performed only on the days of the Sentinel-1A satellite's pass
over a given area and on the following day. Only evening passes (ascending orbit) were taken into
account. No field measurements were carried out during these flights, as there could have been a
significant discrepancy between moisture conditions while the satellite was flying over and during
the field measurements. Such situations included rainfall during the satellite flyover or field
measurements and very heavy rainfall directly prior to this period, which could have caused
significant variability in soil moisture over a short period due to gravity water passing through the
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soil profile. Most measurements were taken at relatively low temperatures of +2 — +15°C, which
limited evaporation and soil moisture variability during the measurement day.

Detailed soil roughness measurements were not performed. Soil roughness was only assessed
visually, dividing it into three groups: relatively smooth, medium roughness, and very rough. The
roughness and soil structure were also documented in each field using vertical and oblique
photographs taken by hand.

2.2.2. Soil Data

The information about soil type, soil species (soil texture) and the category of soil agricultural
suitability was obtained from a 1:5000 scale soil map available online for Poland through the soil-
agricultural geoportal [40]. The basic information for this study was soil texture, as it determines the
ability of individual soils to retain water. The texture of the upper layer of soil was especially taken
into account due to the relatively weak capabilities of C-band SAR to penetrate the soil. Percentage
ranges of clay content (particles < 0.002 mm) for particular species according to Polish classification
of soils can be found in [41]. The category of soil agricultural suitability, which groups soils with
similar agricultural properties and which can be used similarly [42] was also important because it
also distinguishes soils according to their fertility. Due to this they can also be used to some extent,
to differentiate soils in terms of their water retention capacity within the same soil species. Table A1l
in Appendix A, shows the category of soil agricultural suitability, soil type and soil species (soil
texture) which occur in the study areas. The ranges of clay content ( particles < 0.002 mm)
corresponding to particular soil species are presented according to the [41].

2.2.3. Sentinel-1 SAR Data

Sentinel-1 dual-polarimetric VV/VH radar images from the beginning of March 2024 to the end
of March 2025 were used for this study. Winter images when snow cover was present in the study
areas were excluded from the dataset. Sentinel-1 Level-1 GRD products were used to generate
backscattering coefficient and Sentinel-1 Level-1 SLC products were used for polarimetric analysis.
Only evening data from the ascending orbit were used to avoid possible dew and its impact on the
results. The local incidence angle variability due to the location of individual research areas in
different parts of the radar scenes and due to local variability of the terrain varied from 28° to 47°.
The table 2 lists the S-1 imagery acquired when field measurements were conducted.

Table 2. Sentinel-1 images used in the study.

Date Sensor Orbit Mean incidence angle Study area
2024-03-24 Sentinel-1A A029 34.55 Obory
2024-04-05 Sentinel-1A A029 34.55 Obory
2024-04-17 Sentinel-1A A029 34.55 Obory
2024-04-22 Sentinel-1A A102 4291 Obory
2024-04-29 Sentinel-1A A029 34.55 Obory
2024-05-11 Sentinel-1A A029 34.55 Obory
2024-08-27 Sentinel-1A A029 34.55 Obory
2024-09-01 Sentinel-1A A102 4291 Obory
2024-09-08 Sentinel-1A A029 34.55 Obory
2024-09-13 Sentinel-1A A102 4291 Obory
2024-10-05 Sentinel-1A A073 42.00 JECAM
2024-10-12 Sentinel-1A Al175 36.95 Kedzierzyn-Kozle
2024-10-19 Sentinel-1A A102 41.14 Brwinow
2024-10-26 Sentinel-1A A029 32.56 Brwinoéw
2025-01-30 Sentinel-1A A029 32.72 Mtochéw
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2025-03-19 Sentinel-1A A029 32.56 Brwinéw
2025-03-24 Sentinel-1A A102 41.14 Brwinow

2.3. Methodology
2.3.1. Sentinel-1 Data Processing

Sentinel-1 radar data were processed using python scripts and ESA SNAP software. GRD data
were standard processed. In the first step for each study area and each orbit 15 Sentinel-1 scenes were
selected. The data were limited to the area of interest, orbital correction, thermal noise removal and
calibration to the 0 was performed for each image. In the next step data were stacked and
coregistered to enable multi-temporal filtering using LeeSigma 11x11 filter. Finally only scenes from
the dates of terrain measurements were radiometrically and geometrically corrected to backscatter
coefficient Y0 using SRTM 30m Digital Elevation Model.

The SLC data were processed in a separated processing chain. First appropriate Interferometric
Wide swatch with the study areas were selected and then orbit correction was applied to improve
the geolocation. After calibration and thermal noise removal, in the next step, deramping and
demodulation of Doppler spectrum were performed. Next separated bursts were merged in the
TOPSAR-Deburst process and images were multi-looked. The speckle noise removal using
polarimetric Improved Lee Sigma Filter in 9x9 pixels window was performed separately for each
image. Next polarimetric decompositions were used to provide additional information on different
scattering mechanisms to link soil roughness with the radar signal. Available in SNAP 11.0 dual-
polarimetric products of HAlpha Decomposition, Model Based Decomposition and Radar Vegetation
Index in 3x3 window were generated. Finally data were geometrically corrected and resampled to
10m resolution.

The list of all channels from which the values were obtained for pixels corresponding to the
coordinates of points measured in the field is provided in Table 3.

Table 3. Channels from Sentinel-1 images used as features for Random Forest modelling.

Channel Sentinel-1 Product Modelling
VH_dB GRD backscattering
VV_dB GRD backscattering
VH/VV GRD backscattering
SPAN dB GRD backscattering
projectedLocallncidenceAngle GRD/SLC backscattering and polarimetry
Cl1_dB SLC Polarimetry, C2 matrix element
C22 dB SLC Polarimetry, C2 matrix element
Cl12 real SLC Polarimetry, C2 matrix element
C12 imag SLC Polarimetry, C2 matrix element
Entropy H-Alpha SLC Polarimetry, H-Alpha Decomposition
Anisotropy H-Alpha SLC Polarimetry, H-Alpha Decomposition
Alpha H-Alpha SLC Polarimetry, H-Alpha Decomposition
Surface r MB SLC Polarimetry, Model Based Decomposition
Volume g MB SLC Polarimetry, Model Based Decomposition
Ratio b MB SLC Polarimetry, Model Based Decomposition
Alpha_ MB SLC Polarimetry, Model Based Decomposition
Delta h Model Based SLC Polarimetry, Model Based Decomposition
Rho s Model Based SLC Polarimetry, Model Based Decomposition
Span v Model Based SLC Polarimetry, Model Based Decomposition

2.3.2. Soil Data Preparation

The soil data had to be processed into numerical values that contained physical meaning in order
to be included as a separate variable in random forest modeling. It was decided to use the percentage
of clay content (particles < 0.002) in a given soil type. There were no precise values measured in the
field, only ranges taken from the literature [41] for a given soil species.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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It was decided in the first approach to take the value from the middle of the range. In the second
step they were slightly modified using the category of soil agricultural suitability and soil texture of
the lower part of the soil profile. The final values taken for Random Forest modeling can be seen in
Table Al in Appendix A .

2.3.3. Random Forest Regression

Random forest regression model was trained using the scikit-learn package in Python. As the
dataset is non-uniform across the soil moisture range (Figure 3), split for training (80%) and
validation (20%) datasets was performed using the stratification for bins of 10% width.

Measurements count in soil moisture bins
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Figure 3. Distribution of measured soil moisture values in bin used for data stratification.

For the same reason weights were applied at the model fitting stage, calculated as an inverse of
the measurements count in the given bin. Random forest regressor model parameters were fine-tuned
manually by minimizing the RMSE and maximizing the R? parameter values while avoiding
overfitting on the train dataset. Applied parameters are shown in Table 4.

Table 4. Random forest regressor parameters.

Parameter Value
n_estimators 1000
max_depth 14
min_samples_split 2
min_samples_leaf 3
max_features sqrt
bootstrap True

3. Results
3.1. Analysis of Soil Roughness Using Polarimetric Decomposition

For soil roughness analysis, the fields characterized by visually differentiated soil roughness and
more or less similar soil moisture measured in the field (19% - 25%) were selected, to minimize the
impact of this factor on radar penetration depth, backscattering coefficient, and polarimetric
signatures. Because soil roughness was assessed solely visually, divided into three classes, this study

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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only provides a rough analysis of the correspondence of soil surface roughness with polarimetric
signal decomposition channels. A more detailed analysis of relations between polarimetric channels
and soil roughness using precise soil DTM derived from drones, taking into account also soil texture,
is being prepared as a separate publication.

Visual analysis of soil roughness, based on images taken during field measurements, with
polarimetric signal decomposition products revealed a lack of correspondence between soil surface
roughness and polarimetric signal decomposition channels. In many cases, even very rough soil
surfaces corresponded to polarimetric channel values characteristic for smooth surfaces (Bragg
surfaces). Soils with a relatively smooth surface could also be rough to radar (high volume scattering
values). Examples of such situations are shown in Figure 4.

LOLLL

Figure 4. The maps of Alpha parameter from H-Alpha Decomposition derived from Sentinel-1 image registered
21.03.2005. On the left side, for the plot with a very rough surface, the Alpha parameter values typical for very
smooth (Bragg) surfaces can be observed. On the right side is a relatively smooth field with Alpha values typical

for more rough surfaces. Both soils have similar texture but the one shown on the right is very well loosened.

Analysis of these inconsistencies, together with the knowledge about the study area acquired
during field measurements and soil maps, shows that soils that were heavily loosened (e.g., prepared
for sowing) or characterized by a lower clay fraction were considered rough by radar expressed by
increase of volume scattering. This seems to indicate that radar soil roughness, expressed through
polarimetric channels, is related more to the ability of microwave radiation to penetrate below the
soil surface, than to the roughness of the soil surface itself. These are preliminary conclusions
resulting from the initial data analysis and require further investigation, based on additional data on
surface roughness, obtained, for example, from high resolution DTM from drones, and a more
detailed analysis of soil parameters such as soil structure and texture, which is beyond the scope of
this study.

3.2. Modeling Soil Moisture Without Soil Parameters

Figure 5 shows the results of soil moisture random forest modeling using only the backscatter
coefficient values. The best results were achieved by considering only the VV and VH channels and
the local incidence angle without SPAN channel and the VH/VV ratio. The results are relatively poor.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Clearly, there is an overestimation of values for low soil moisture and an underestimation for high
soil moisture. The accuracy of moisture determination decreases with increasing humidity, which is
likely due to, among others, the significantly smaller number of measurements with higher soil
moisture. Due to the frequent drought phenomena in Poland in recent years, such data are
increasingly difficult to obtain. The accuracy of soil moisture determination compared to field
measurements is 7.15% at R? = 0.46.

Random forest regression prediction of soil moisture
RMSE: 7.15, R% 0.46, y = 0.550 x + 10.340

60 7
e  Predictions on train dataset ,,"
e Predictions on validation dataset ,,"
504 Regression l‘me. (validation) ,,/ e
---- DPerfect prediction awi” | o

;\E 40 1
&
2
12
= 30+
2
el
L
2
]
& 20+
~

101

0 } . . | |
0 10 20 30 40 50 60

Measured soil moisture (%)

Figure 5. The results of soil moisture modeling using Random Forest and backscattering coefficient from
Sentinel-1 data.

The slightly better results were achieved when dual-polarimetric signal decomposition was
added to the modeling (Figure 6). In this case, the best results were achieved using C11, C22 matrix
elements and Volume_g, Surface_r, Ratio_b channels from the Dual-Pol Model Based Decomposition
and Projected Local Incidence Angle. The improvement in results is visible in a slightly better
correlation coefficient R?=0.50 against R>=0.46 for backscattering only and in a slightly smaller RMSE:
6.94% vs. 7.15%. The overestimation of low values and underestimation of high values are similar.
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Figure 6. The results of soil moisture modeling using Random Forest, channels from the Dual-Pol Model Based
Decomposition (Sentinel-1 SLC product) and Projected Local Incidence Angle.

By far the greatest improvement occurred after including soil texture, expressed as the
percentage of clay (particles < 0.002) in the soil, in the model. The modeling results are presented in
Figure 7 for backscattering data and Figure 8 for polarimetric data.
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Random forest regression prediction of soil moisture
RMSE: 5.16, R% 0.71, y = 0.743 x + 7.015
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Figure 7. The results of soil moisture modeling with Random Forest using backscattering coefficient from
Sentinel-1 data and clay content in the soil (particles < 0.002) derived from soil maps.

It is clearly seen that the soil texture significantly improved modeling accuracy. The difference
between data modeled with and without polarimetric channels also disappeared. The result obtained
using the backscattering coefficient is even better. They are characterized by less overestimation of
low values and underestimation of high values - the regression slope of y = 0.743x for backscattering
compared to y = 0.695x for polarimetry. The final soil moisture accuracy was 5.16% with R2=0.71.
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Random forest regression prediction of soil moisture
RMSE: 5.19, R% 0.71, y = 0.697 x + 7.593
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Figure 8. The results of soil moisture modeling with Random Forest using Sentinel-1 polarimetric channels and
clay content in the soil (particles < 0.002) derived from soil maps.

Finally, a correlation analysis was conducted between the clay content for selected points
characterized by small diversity of soil moisture (19% < SM < 25%) and products of polarimetric
decompositions. The analyses performed did not show any significant correlations between the
content of clay particles and any of the dual-polarimetric products.

4. Discussion

The results of the study show that soil surface roughness cannot be simply related to “radar”
terrain roughness expressed using polarimetric channels. Dual-polarimetric products rather reflect
“radar soil roughness”, which is not identical to surface roughness due to the possibility of
microwave radiation to penetrate into the soil, especially in highly loosened soils with low moisture
content. In such cases, volume scattering increases due to the penetration of microwave radiation
below the soil surface, which can occur in both smooth and rough soil surfaces. These results do not,
of course, mean that knowledge of soil surface roughness is not an important parameter in modeling
soil moisture from SAR data. Many authors point to improved accuracy in soil moisture modeling
when roughness is taken into account in the case of various radar wavelengths [5,25-27]. It should
also be noted that presented studies cover a much wider range of soil roughness variations than the
soil roughness limits, which are the boundary conditions for models described in the literature [21].

Visual analysis of products of polarimetric decompositions also revealed that there can be quite
significant differences e.g. of Alpha parameter from HAlpha Decomposition within a single field
(Fig.). However, analysis of soil moisture differences from available points for such fields and visual
assessment of the roughness of these fields during terrain campaigns do not allow for drawing clear
conclusions about the causes of these differences. This is likely a result of various soil parameters,
which, in addition to moisture, texture, and degree of loosening, probably also include differences in
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organic matter content and local differences in soil structure. Further detailed study is required based
on precise field measurements of soil parameters and surface roughness using high-resolution DSM.

The results of the random forest modeling also showed that, in the absence of knowledge about
soil parameters, the availability of dual-polarization polarimetric channels can improve the accuracy
of soil moisture determinations. However, this improvement is not significant. It should be noted,
however, that in these analyses, a relatively small number of points were available for wet soils
compared to soils with low and medium moisture content. This is undoubtedly a significant factor,
even though during the random forest analysis, points were weighted based on their number in
specific moisture ranges. Significantly increasing the number of measurements from soils with high
moisture content would be very beneficial for these analyses.

The fact that good soil moisture estimation can be achieved using texture rather than roughness
is crucial for developing soil moisture models as surface roughness can vary over time due to
agricultural practices. Soil texture is a much more stable property over time, and as these studies
demonstrate, even relatively imprecise knowledge of clay content alone can significantly improve the
results. It is clearly seen that radar data alone are insufficient to accurately determine soil moisture
with good spatial resolution for areas characterized by high environmental variability. This is because
soil moisture is only one of many factors influencing the radar signal. Adding additional input
parameters to the model, such as soil texture, significantly improves the accuracy of the obtained
results. There appears to be potential for further improvement of these results by incorporating more
precise texture information from field measurements, which also take into account the silt and sand
fractions in the soil. Other authors also point to the significant importance of texture in soil moisture
modeling [18]. It is also essential to incorporate the influence of vegetation cover into analyses.

These conclusions are consistent with other studies, which indicate that incorporating high-
resolution spatial information on various environmental parameters, including soil texture [16,18,36]
and/or various advanced modeling methods [24] into the determination of soil moisture from satellite
data is a very promising direction of development. This allows for combining high spatial resolution
with extensive coverage. This applies not only to SAR data but also to radiometers and other sensors
[8,24]. Direct comparison of the results of this study with these solutions is not possible due to
differences in environmental conditions, factors considered, such as vegetation, or validation
methods. Nevertheless, their combined analysis leads to the conclusion that obtaining a high-quality,
broadly applicable soil moisture model requires high-resolution spatial information, preferably
derived from satellite data, on other environmental parameters, including soil. Soil texture appears
to be a key element, preferable to roughness because it does not change dramatically over time,
especially in relatively flat areas. Therefore, developing methods for determining it from satellite data
appears to be an important step toward better and more accurate soil moisture models.

5. Conclusions

The surface soil roughness has a very limited relationship with the soil roughness observed by
the SAR system, expressed using polarimetric signal decompositions. It appears that "polarimetric”
soil roughness is related more to the ease and depth of microwave penetration into the soil than to
real soil surface roughness. The penetration depth of this radiation appears to be primarily
determined by soil moisture, soil species (texture), as well as agricultural practices that influence the
degree of soil loosening. Clay content in the soil is a more important driver that should be considered
when modeling soil moisture with SAR than soil roughness. It is possible to obtain high accuracy soil
moisture measurements using a single model for a wide variety of soil species and soil roughness,
from very smooth to even very rough, without any knowledge of this parameter, provided at least
approximate information about the clay content in the soil is available. This appears to be related to
the significant impact of clay content in soil on the soil's ability to retain water, and thus on the
observed moisture range for a given soil species under specific climatic conditions and water
relations occurring in a given area, related to the topography and the amount and intensity of
atmospheric precipitation. There is a need for further soil moisture studies using SAR, taking into
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account actual field measurements of soil texture, rather than just their approximate values obtained
from soil maps based on soil species. It also seems important to explore remote sensing methods for
determining soil texture.
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Appendix A
Appendix A.1

Table A1. The soils of the study areas. Abbreviations of Polish names of soil species (texture) are marked in
brackets, because the Polish legend is more detailed than the English terms. Categories of soil agricultural
suitability (soil complexes): 1. very good wheat complex; 2. good wheat complex; 3. defective wheat complex; 4.
very good rye complex (wheat-rye); 5. good rye complex; 6. weak rye complex; 7. very weak rye complex (rye-
lupin); 8. strong grain-fodder complex; 9. weak grain-fodder complex; 1z. very good and good grassland; 2z.

medium grassland.

Tvpe Texture Soil Number of Number of Range of clay Clay % value
yp complex fields measurements content [%] selected for modeling

Podzols Clay loam 8 1 6 >50 50

Podzols Loam 2 1 6 35-50 42

Podzols Loamy sand (pgl) 4 11 73 10-15 13

Podzols Loamy sand (pgl) 5 8 31 10-15 13

Podzols Loamy sand 5 1 5 10 - 15 13
(pglp)

Podzols Sand (ps) 5 3 13 5-10
Podzols Sand (ps) 6 1 2 5-10

Podzols Silt 4 2 8 0-35 30

Podzols Silt 5 1 2 0-35 15

Brown soils Loess 1 2 6 >35 42

Brown soils Loess 2 4 11 > 35 42

Brown soils Loess 3 1 2 >35 42

Brown soils Sandy loam 4 1 3 15-20 18
(pgmp)

Acid brown soils Sandy loam (gl) 2 1 4 25-35 30

Acid brown soils ~ Loamy sand (pgl) 1 10-15 13

Acid brown soils ~ Loamy sand (pgl) 6 1 6 10- 15 11

Acid brown soils ~ -0amy sand 5 2 6 10-15 12
(pglp)

Acid brown soils Loamy sand 6 1 2 10-15 11
(pglp)

Acidbrown soils 03y sand 2 1 4 15-20 18
(pgm)
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Acid brown soils Sand (ps) 6 6 24 5-10
Acid brown soils ~ Loamy sand (psp) 6 14 5-10
Leached brown soils 204y loam 2 1 4 15-20 18
(pgmp)
Leached brown soils Silt 2 1 3 0-35 30
Leached brown soils Silt 4 1 2 0-35 30
Black earths Sandy loam (glp) 2 1 4 25-35 30
Black carths Loamy sand 1 3 13 15-20 18
(pgm)
Black earths Loamy sand 2 3 9 15-20 18
(pgm)
Black earths Loamy sand 8 1 2 15-20 18
(pgm)

Black earths Silt 8 1 10 25-35 32
Degraded black soil ~ Sandy loam (glp) 8 4 26 25-35 30
Degraded black soil ~ -02mY sand 9 2 5 10-15 1

(pglp)
Degraded black soil Loamy sand 2 2 15 15-20 18
(pgm)
Degraded black soil ~ S2ndy loam 2 1 2 15-20 18
(pgmp)
Degraded black soil Sand (ps) 6 2 38 5-10 7
Degraded black soil Silt 1 5 32 25-35 32
Degraded black soil Silt 2 9 89 0-35 27

Alluvial soils Very heavy 8 1 5 > 50 50

aluvium

Alluvial soils Heavy aluvium 1 1 6 35-50 43

Alluvial soils Heavy aluvium 2 4 17 35-50 43

Alluvial soils Heavy aluvium 8 2 2 35-50 43

Alluvial soils Clay loam 8 2 6 > 50 50

Alluvial soils (gcp) 8 1 3 > 50 50

Alluvial soils Sandy loam (glp) 1 2 6 25-35 30

Alluvial soils Sandy loam (glp) 2 1 2 25-35 30

Alluvial soils Loam 2 3 3 35-50 42

Alluvial soils Loam 8 1 1 35-50 42

Alluvial soils Sandy clay 2 1 6 >50 52

Alluvial soils Loamy sand (pgl) 4 1 4 10-15 12

Alluvial soils Sandy loam 2 2 12 15-20 18

(pgmp)

Alluvial soils Sand (ps) 5 2 16 5-10

Alluvial soils Sand (ps) 6 1 17 5-10

Alluvial soils Silt 1 5 74 0-35 33

Alluvial soils Silt 2 4 11 25-35 30

Alluvial soils Medium aluvium 2 1 21-35 28

Alluvial soils Medium aluvium 4 1 2 21-35 28

Alluvial soils Medium aluvium 8 1 21-35 28

Black earths Loamy sand 2 1 2 15-20 18

(pgm)
Degraded black soil Silt 2z 2 26 0-35 27
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Alluvial soils Very heavy 1z i 6 > 50 50
aluvium
Alluvial soils Very heavy 2 1 3 > 50 50
aluvium
Alluvial soils Sandy loam (glp) 2z 1 25-35 30
Alluvial soils Silt loam (ph) 2z 2 6 35-50 43
Alluvial soils Silt 2z 3 77 0-35 25
Gleyic Fluvisols Very heavy 22 2 6 > 50 50
aluvium
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