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Veronika Döpper a, Thomas Jagdhuber b,c, Ann-Kathrin Holtgrave a,d, Maik Heistermann e, 
Till Francke e, Birgit Kleinschmit a, Michael Förster a,* 

a Technische Universität Berlin, Institute for Landscape Architecture and Environmental Planning, Geoinformation in Environmental Planning Lab, Straße des 17. Juni 
145, 10623 Berlin, Germany 
b German Aerospace Center, Microwaves and Radar Institute, Münchener Strasse 20, 82234 Wessling, Germany 
c Augsburg University, Institute of Geography, Alter Postweg 118, 86159, Germany 
d Johann Heinrich von Thünen-Institute, Federal Research Institute for Rural Areas, Forestry and Fisheries, Bundesallee 64, 38116 Brunswick, Germany 
e University of Potsdam, Institute of Environmental Science and Geography, Karl-Liebknecht-Straße 24–25, 14476 Potsdam, Germany   

A R T I C L E  I N F O   

Keywords: 
Sentinel 1 
Sentinel 2 
Soil texture 
Topography 
Sensing volume 
Random forest regression 
CRNS 

A B S T R A C T   

Deriving soil moisture content (SMC) at the regional scale with different spatial and temporal land cover changes 
is still a challenge for active and passive remote sensing systems, often coped with machine learning methods. So 
far, the reference measurements of the data-driven approaches are usually based on point data, which entails a 
scale gap to the resolution of the remote sensing data. Cosmic Ray Neutron Sensing (CRNS) indirectly provides 
SMC estimates of a soil volume covering more than 1 ha and vertical depth up to 80 cm and is thus able to narrow 
this scale gap. So far, the CRNS-based SMC has only been used as validation source of remote sensing based SMC 
products. Its beneficial large sensing volume, especially in depth, has not been exploited yet. However, the 
sensing volume of the CRNS, which is changing with hydrological conditions, bears challenges for the com
parison with remote sensing observations. This study, for the fist time, aims to understand the direct linkage of 
optical (Sentinel 2) and SAR (Sentinel 1) data with CRNS-based SMC. Thereby, the CRNS-based SMC is obtained 
by an experimental CRNS cluster that covers the high temporal and spatial SMC variability of an entire pre-alpine 
subcatchment. Using different Random Forest regressions, we analyze the potentials and limitations of both 
remote sensing sensors to follow the CRNS-based SMC signal. Our results show that it is possible to link the 
CRNS-based SMC signal with SAR and optical remote sensing observations via Random Forest modelling. We 
found that Sentinel 2 data is able to separate wet from dry periods with a R2 of 0.68. It is less affected by the 
changing soil volume that contributes to the CRNS-based SMC signal and it is able to assign a land cover specific 
SMC distribution. However, Sentinel 2 regression models are not accurate (R2 < 0.21) in mapping the CRNS- 
based SMC for the frequently mowed grassland areas of the study site. It requires soil type and topographical 
information to accurately follow the CRNS-based SMC signal with Random Forest regression. Sentinel 1 data 
instead is affected by the changing soil volume that contributes to the CRNS-based SMC signal. It has reasonable 
model performance (R2 = 0.34) when the CRNS data correspond to surface SMC. Also for Sentinel 1 the retrieval 
is impacted by the mowing activities at the test site. When separating the CRNS data set into dry and wet periods, 
soil properties and topography are the main drivers of SMC estimation. Sentinel 1 or Sentinel 2 data add the 
existing temporal variability to the regression models. The analysis underlines the need of combining optical and 
SAR observations (Sentinel 1, Sentinel 2) as well as soil property and topographical information to understand 
and follow the CRNS-based SMC signal for different hydrological conditions and land cover types.   
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1. Introduction 

Soil moisture content (SMC) is a key variable of land-atmosphere 
interactions: It controls the exchange of water and energy at the soil- 
atmosphere boundary, thus influencing evaporation and precipitation 
(Yang et al., 2018), runoff characteristics (Ghajarnia et al., 2020) and 
water availability for vegetation (Porporato et al., 2001). The accurate 
information on spatial and temporal states of soil moisture are therefore 
important for a broad range of applications, such as drought monitoring 
(Lu et al., 2021), crop yield estimation (Holzman et al., 2018) or flood 
forecasting (Massari et al., 2018). 

Remote sensing approaches using active and passive microwaves 
(Edokossi et al., 2020; Bauer-Marschallinger et al., 2019; Vergopolan 
et al., 2021), thermal and optical data (Li et al., 2021; Zhang and Zhou, 
2016) have demonstrated distinct capabilities to map SMC at different 
spatial resolutions and soil depths (Kumar et al., 2021; Peng et al., 2021) 
from the field (Ma et al., 2020; Vergopolan et al., 2021) to the global 
scale (Kumar et al., 2021; Mohanty et al., 2017; Li et al., 2021). Despite 
the multitude of remote sensing approaches, the retrieval of SMC at the 
root zone at high spatial and temporal resolutions remains a key chal
lenge (Peng et al., 2021). 

When aiming for SMC products with a spatial resolution of <100 m, 
data driven approaches using high-resolution optical, e.g. the MSI sensor 
of Sentinel 2 (S2) (Liu et al., 2020, 2021; Zaman et al., 2012), or active 
microwave sensors, e.g. the SAR mounted on Sentinel 1 (S1) (Hänsch 
et al., 2020; Holtgrave et al., 2018; Pasolli et al., 2014), provide satis
factory results. Extensive research has shown that these 
machine-learning-based retrievals of SMC highly benefit from 
time-invariant information on topography and soil properties (Sedaghat 
et al., 2022; Holtgrave et al., 2018; Liu et al., 2012; Pasolli et al., 2015; 
Schnur et al., 2010). 

However, the ground reference data of the remotely-based SMC re
trievals are, in most cases, point-scale measurements (Sedaghat et al., 
2022; Ambrosone et al., 2020; Liu et al., 2021; El Hajj et al., 2019; 
Holtgrave et al., 2018; Vergopolan et al., 2021). The scale gap between 
the remote sensing and in-situ (point) measurements unavoidably leads 
to inaccuracies due to the missing spatial coverage of the in-situ data 
compared to satellite remote sensing acquisitions (Crow et al., 2005; 
Gruber et al., 2020). 

Cosmic Ray Neutron Sensing (CRNS) (Zreda et al., 2008) reduces this 
scale mismatch. The CRNS method estimates SMC in a non-invasive and 
temporally continuous way within a footprint radius ≥130 m and a 
varying vertical depth of 15–83 cm (Köhli et al., 2015). The method is 
based on monitoring the density of fast neutrons, which are produced by 
high-energetic neutron showers generated by cosmic-rays entering the 
atmosphere. Since the fast neutrons are moderated primarily by 
hydrogen, their count rates are inversely correlated with the amount of 
hydrogen in the environment surrounding the CRNS probe. Hydrogen is 
prevalent in natural soils, making the changes in fast neutron count rates 
mainly governed by variations in the SMC (Zreda et al., 2008). 

Since the development of the CRNS method, considerable knowledge 
on the signal interpretation (Köhli et al., 2015, 2021; Jakobi et al., 
2018), sensor calibration (Schrön et al., 2017; Scheiffele et al., 2020), 
data processing (Power et al., 2021) and sensor uncertainties (Iwema 
et al., 2021; Baroni et al., 2018) has been assembled as well as mobile 
versions developed (Desilets et al., 2010; Schrön et al., 2018, 2021). This 
is expressed in an increasing number of applications of the CRNS-based 
SMC in a variety of research disciplines (Barbosa et al., 2021; Dimi
trova-Petrova et al., 2020; Patil et al., 2021; Franz et al., 2020). In the 
field of remote sensing, the CRNS-based SMC is used primarily to vali
date developed near surface SMC products (Duygu and Akyürek, 2019; 
Howells et al., 2021; Montzka et al., 2017; Ma et al., 2020; Fersch et al., 
2018). The beneficial large sensing volume, which also covers the root 
zone SMC, has not been fully exploited yet. This can be achieved via a 
data-driven linkage with remote sensing observations. Besides its 
sensing volume, the large data amount created by novel adaptations of 

the CRNS method make it an appealing ground reference measurement 
for the data-driven linkage with remote sensing observations. 

Analysis using CRNS-based SMC as validation measurement of high- 
resolution SAR-based SMC products reveal a vertical and horizontal 
sensing mismatch between the CRNS and SAR sensors, impacting the 
comparability of the retrieved product with CRNS-based SMC (Ma et al., 
2020; Fersch et al., 2018; Bayat et al., 2020). These results indicate that 
one of the greatest challenges of a direct linkage of remote sensing ob
servations with CRNS-based SMC are the different vertical sensing 
depths of remote sensing observations and CRNS. 

Optical remote sensing is able to retrieve SMC of the skin layer of 
bare soil based on changes in soil brightness with changing SMC (Liu 
et al., 2020; Bablet et al., 2018). For vegetated areas, in turn, SMC at the 
root zone can be derived (Liu et al., 2021; Wyatt et al., 2021; Sadeghi 
et al., 2017) using the link between plant traits, such as leaf water 
content or chlorophyll content, and SMC at depths where major water 
uptake takes place (Bollig and Feller, 2014; Gross et al., 2008). A 
considerable amount of literature has been published on the successful 
mapping of these SMC relevant plant traits (Lei et al., 2022; Xie et al., 
2019; Zhao and Qin, 2019; Zhang et al., 2018) and SMC itself using 
optical remote sensing (Döpper et al., 2022; Liu et al., 2020, 2021; West 
et al., 2018; Sadeghi et al., 2017; Hassan-Esfahani et al., 2017; Zaman 
et al., 2012). 

Instead of using proxies for the retrieval of SMC, active microwave 
remote sensing uses the increase of the dielectric constant of the soil 
medium with wetting as a direct link to the observed water body. This 
and the denser time series makes it the more common remote sensing 
sensor in the field of remote sensing of SMC. The penetration depth of 
the microwaves depends on wavelength, acquisition characteristics such 
as incidence angle and polarization (Baghdadi et al., 2017; Ulaby et al., 
2014) as well as site characteristics such as SMC and land cover 
(Baghdadi et al., 2017; El Hajj et al., 2019). For the C-band wavelength, 
which is also used for S1, simulations and correlation analyses report a 
penetration depth of the first centimeters of the soil layer when no 
vegetation is present (Nolan and Fatland, 2003; Owe and Van de Griend, 
1998; Ulaby et al., 2014). 

The CRNS sensing volume, in turn, dynamically changes with vary
ing amount of hydrogen in the environment. The higher the amount of 
hydrogen in the soil, the lower the footprint extent in horizontal and 
vertical scale (Desilets et al., 2010; Köhli et al., 2015; Zreda et al., 2008). 

Given these differences in sensing depth, a systematic analysis of the 
implications for linking remote sensing observations with CRNS-based 
SMC is needed before large-scale applications are envisioned. The 
recently published dataset by Fersch et al. (2020b), which for the first 
time covers an entire sub-catchment with CRNS stations, is ideally suited 
for such a preliminary analysis. The spatially dense distribution of CRNS 
measurements and the small extent of the catchment area allow a 
controlled exploration of the factors influencing the data-driven 
modelling of CRNS-based SMC. In this regard, the study aims to pro
vide initial insights for the development of a novel regional SMC product 
based on CRNS with the following research questions:  

i) Is it possible to follow the CRNS-based SMC using a machine 
learning-based synergy of S1, S2 and site-specific (topography 
and soil) information?  

ii) Do the distinct sensing volumes of the different remote sensing 
observations and the CRNS affect the quality of a data-driven 
modelling of CRNS-based SMC?  

iii) What kind of information from remote sensing and test site 
characteristics is needed for following the CRNS-based SMC 
signal? 
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2. Methods and data 

2.1. Fendt site 

The Fendt site, as shown in Fig. 1, is part of the Pre-Alpine Terrestrial 
Environmental Observatory (TERENO, Kiese et al., 2018) and is located 
in the Rott headwater catchment (approx. 595 m ASL), about 50 km 
southwest of Munich, Bavaria, Germany. 

As can be seen from Fig. 1b, the land cover of the headwater 
catchment consists mainly of intensively managed grassland (Kiese 
et al., 2018). A temperate forest, heterogeneous in species and age, 
covers the eastern slope. Towards the side slopes of the shallow valley 
gravels mixed with loamy and silty fractions are predominant. At the 
lower elevations soil texture comprises mainly silty and loamy sedi
ments with peaty compositions towards the draining rivulet (Fersch 
et al., 2018). For further details on the site the reader is referred to 
Fersch et al. (2020b, 2018) and Kiese et al. (2018). 

2.2. Soil moisture content data 

This analysis relies on an unique data set of CRNS-based SMC that 
covers the spatial and temporal heterogeneities of SMC across an entire 
sub-catchment. The data set thus encompasses the spatio-temporal SMC 
dynamics associated with different land cover types, topographic set
tings, and soil properties during a period of ponding until the subsequent 
dry-down of the soils. It comprises SMC estimates of 17 stationary CRNS 
probes distributed within the Fendt site as part of a dense sensor network 
(Fig. 1d), operating from May 5, 2019 to July 22, 2019 (Fersch et al., 
2020a). An additional CRNS probe served as standardization of the 

neutron count rates of the different sensors (Fersch et al., 2020b). We 
corrected the standardized neutron count rates for the effects of 
incoming cosmic neutron flux, barometric pressure, and atmospheric 
water vapor as summarized by Andreasen et al. (2017). The necessary 
input data for these corrections originate from the meteorological sta
tion of the TERENO test site (Fersch et al., 2020a) and the neutron 
monitor data at Jungfraujoch (Neutron Monitor Database, 2019). We 
accounted for the effect of vegetation on the neutron count rates by 
following Baatz et al. (2015) using biomass samples and estimates of the 
grassland and forest areas (Fersch et al., 2020a; Stockmann, 2020). To 
decrease the noise in the data, an unweighted 24 h rolling average was 
applied, maintaining the 20 min temporal resolution of the 
measurements. 

The corrected and smoothed neutron count rates were calibrated 
with manually sampled soil moisture data (Fersch et al., 2020a). For 
computing the average observed SMC in a CRNS probe footprint, an 
iterative horizontal and vertical weighting procedure as described in 
Schrön et al. (2017) was applied. The time series of SMC based on the 
calibrated neutron count rates was produced by applying the transfer 
function as proposed by Desilets et al. (2010). Further details on the 
manually sampled SMC and biomass data as well as the correction and 
calibration procedure can be found in Fersch et al. (2020b) and Heist
ermann et al. (2021). 

For the vertical interpretation of the CRNS-based SMC signal, we 
used SMC measurements of the SoilNet (Fersch et al., 2020a), deployed 
in 2015 in the north-western part of the Fendt site (see Fig. 1). We 
computed a weighted average after Schrön et al. (2017) of all nodes 
within a radius of 45 m of CRNS probes #3, #8, #17, #18 and #25 at a 
depth of 5 cm and 20 cm. This comparison revealed that the second half 

Fig. 1. a) Fendt site within Germany, b) Land cover characteristics of Fendt and CRNS probe locations, c) Precipitation during the observation period, d) SMC data 
derived by CRNS (black) and SoilNet at 5 cm depth (blue), e) Acquisition dates of the considered remote sensing data (2019), f) Soil texture, g) Soil type, h) Digital 
elevation model. Base map from ArcGIS World Imagery MapServer. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
Web version of this article.) 
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of May, when heavy rainfalls occurred, until approx. June 5, the 5 cm 
and 20 cm SMC measurements are nearly identical and the CRNS-based 
SMC signal follows both. During the subsequent dry-down, a bias >0.2 
m3/m3 evolves between the SMC at 5 cm and 20 cm. Here, the 
CRNS-based SMC agrees with the SMC at 20 cm depth (Fig. 1 and fig. 
B.5). 

The heavy rainfalls of about 150 mm from May 20–22 and the 
following inundation and ponding of large areas within the site caused 
CRNS-based SMC measurements that exceed soil porosity (Heistermann 
et al., 2021). This is very pronounced for CRNS probe #18, where large 
offsets between the SoilNet measurements at 5 cm depth and the CRNS 
estimate exist. 

2.3. Satellite and airborne data 

We included seven multi-spectral Sentinel 2 (S2) Level 1C scenes 
acquired from May 5 until July 22 with < 5% cloud cover over the Fendt 
site (Fig. 1e). We re-sampled the bands with 20 m and 60 m spatial 
resolution to the spatially higher resolved 10 m bands and calculated 
spectral indices that are related to SMC, plant vigor or drought stress of 
plants (see table A.4). 

To account for the benefits of a high temporal resolution of SAR 
systems, we also included twelve Sentinel 1 (S1) Level-1 Ground Range 
Detected (GRD) data acquired in Interferometric Wide (IW) Swath 
Mode. The scenes are available in Dual (VV, VH) polarization with a 
pixel spacing of 10 m × 10 m. We used only ascending scenes, acquired 
at 17:07 p.m., for better comparability of the different scenes. The 
acquisition time also ensures that the data is not influenced by dew 
(Riedel et al., 2002), which occurs at the Fendt site in the morning hours. 
Post-processing of the GRD-data includes orbit file application, thermal 
noise removal, GRD-Border-Noise removal, calibration and terrain 
flattening, speckle filtering and terrain correction. For speckle filtering 
we applied a 5 × 5 Lee Sigma filter which has been found to be the 
optimal filter for SMC retrieval in other analyses (Liu et al., 2020). The 
terrain flattening and correction was based on a LiDAR-based digital 
elevation Model (DEM) acquired and distributed by the Bayerisches 
Landesamt für Digitalisierung, Breitband und Vermessung (Landesamt 
für Digitalisierung, Breitband und Vermessung, 2009) with a spatial 
resolution of 1 m. Before converting the gamma nought backscatter to 
decibel, we calculated indices based on VV and VH backscatter values 
(table A.4). Post-processing was implemented in the Sentinel Applica
tion Platform (SNAP) toolbox version 8.0.2. 

The LiDAR-based DEM was the basis for the creation of a topo
graphical predictor data set. The DEM was re-sampled to a 10 m spatial 
resolution to match the lower resolved Sentinel data sets. This data set 
comprises runoff indicators, wetness indices and a proxy of incoming 
solar radiation. Table A.4 lists all derivatives of the LiDAR product used 
in the study. 

We averaged all pixels of each data set within a 45 m radius around 
each CRNS probe. To account for the horizontal footprint characteristics 
of the CRNS, we applied a revised weighting for averaging as proposed 
by Schrön et al. (2017). Köhli et al. (2015) state that as a rule of thumb 
more than half of the CRNS signal originates from the first 50 m around 
the probe for SMC from 0.0 to 0.5 m3/m3. As SMC increases, the radius 
of main signal contribution declines. With respect to the high SMC at the 
Fendt site, we consider the 45 m radius to be representative for the 
sensing range of the CRNS probes. Additionally, a radius of 45 m enables 
the inclusion of all CRNS probes, but CRNS probe #25, into the Random 
Forest Regression-model training and testing, because this way the 
footprints are not overlapping and thus the spatial auto-correlation 
within the predictor data set is reduced. 

2.4. GIS data 

To account for the different hydrological processes associated with 
different soil properties, we included cover fractions of soil type 

extracted from the Übersichtsbodenkarte of the Bayrisches Landesamt 
für Umwelt (Bayerisches Landesamt für Umwelt, 2014) as well as soil 
texture supplied by the Bayrisches Landesamt für Digitalisierung, 
Breitband und Vermessung within the product Bodenschätzungsdaten 
(Landesamt für Digitalisierung, Breitband und Vermessung, 2018). 

Data gaps of the soil texture product were filled corresponding to the 
texture descriptions of the soil type product and adjacent soil texture 
polygons. 

Similar to the remote sensing data, we computed weighted coverage 
fractions by applying the revised weighting after Schrön et al. (2017). 
Thereby, the weighted cover fraction of a radius r is defined as 

covFrac =

∑
weightsc

∑
weights

(1)  

with the weights being derived as in Schrön et al. (2017) and c being one 
of the property classes. In the following, we address the GIS and topo
graphical predictor data set as SoilTopo, in conjunction to the remote 
sensing data sets S1 and S2. The distinction of the predictor set types is 
based on the temporal variability of the variables and the different 
remote sensing sensors. 

2.5. Random Forest regression 

The study aims to gain insight into the coupling of the spatially dy
namic CRNS-based SMC signal with remote sensing observations and the 
corresponding relevance of the different input variables (predictors). 
Therefore, we opted for the well-known Random Forest regression (RFR) 
(Breiman, 2001), which balances predictive accuracy and interpret
ability of results by providing the possibility to infer the individual 
importance of all incorporated predictors. 

To analyze the potential of each data set, we compared different 
combinations of predictor data types and SMC conditions (Table 1): we 
implemented a RFR-model for optical (S2) and SAR (S1) only and sup
plemented both data sets with SoilTopo information (S1SoilTopo, 
S2SoilTopo). Because of the limited overlap between the acquisition 
dates of S1 and S2 (Fig. 1e), we did not create a combined model with S1 
and S2. Based on the comparison of SoilNet measurements and the 
CRNS-based SMC signal, we divided the data set into wet and dry pe
riods with June 5th as the cut-off date. By that time, the ongoing dry- 
down causes a bias > 0.2 m3/m3 between SMC measured at 5 cm and 
20 cm by the SoilNet. The temporal variability of the CRNS-based SMC 
within the dry and wet period expressed as mean standard deviation per 
CRNS probe is listed in Table 1. We modelled SMC for these hydrological 
conditions with the different sets of predictors (S1_sep, S2_sep, S1Soil
Topo_sep, S2SoilTopo_sep). In order to assess the benefit of the tempo
rally varying satellite-borne observations, we created RFR models using 
only the temporally static SoilTopo data for the respective dates of S2, 
S2_sep or S1 and S1_sep observations. 

Since C-band SAR data is very challenged to estimate SMC under 
forest and at sites with high natural structures, dominating the back
scatter (Jagdhuber, 2012), we removed the affected probes and areas 
from the analysis of the S1 observations (#1, #14, #19, #21, #22, #23, 
#25). We also removed data of CRNS probe #2 before June 1 from the 
analysis (Table 1). The probe is located on the edge of a corn field that 
was barely covered by vegetation until the first of June, resulting in a 
very different backscattering signal than for the other samples. For CRNS 
probe #18 large offsets between near surface SMC and the CRNS-based 
SMC exist during the wet period, we therefore excluded its measure
ments until June 5. 

To evaluate the different training data, we compared predicted SMC 
against observations from CRNS by calculating the coefficient of deter
mination (R2), the root mean square error (RMSE), and the mean ab
solute error (MAE) by applying a leave-one-out cross-validation (LOO). 
We extracted the ten most important predictors based on the mean 
decrease impurity algorithm implemented in the scikit-learn Random 
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Forest Regression (Pedregosa et al., 2011). For S2 RFR-models, forest 
areas are included. Enabling a comparison of the results with S1 
RFR-models, we analyzed the RFR-model metrics for grassland and 
forest areas separately. Using the best S1 and S2 RFR-models, we applied 
the relationship to the whole Fendt site for a day of high and low SMC. 
We compared the results to a constrained interpolation of the 
CRNS-based SMC as published recently by Heistermann et al. (2021). 

3. Results 

The Fendt site characteristics and the dense network of CRNS probes 
is beneficial for analyzing the linkage of S1 and S2 observations as well 
as SoilTopo variables with CRNS-based SMC. The fact that the CRNS- 
based SMC data set comprises high spatio-temporal gradients with 
SMC ranging from 0.2 m3/m3 to 0.9 m3/m3 enables the analysis of the 
impact of dry and wet periods on this relationship. 

3.1. Following the CRNS-based SMC with Sentinel 2 observations 

In Fig. 2 we display the RFR-model fit and their ten most important 
predictors. Table 3 details the corresponding statistical metrics and the 
RFR-model performances of the associated SoilTopo_only models (see 
also fig. C.6). When only S2 data are used as RFR-model input, we see a 
modest ability to predict SMC with an R2 of 0.45, accompanied by 
severely under- and over-estimated samples. The S2SoilTopo RFR-model 

Table 1 
Predictor data set, hydrological condition, observed time period, excluded CRNS samples, total number of samples and mean standard deviation per CRNS probe (SD) 
per RFR-model setup. SoilTopo includes topographical derivatives and soil property information.  

model Hydrological condition input variables dates included year: 2019 CRNS probes excluded nr of samples SD 

S2 mix S2 05-17 - 07-06 25 122 0.12 
S2SoilTopo mix S2, SoilTopo 05-17 - 07-06 25 122 0.12 
S2_sep  
S2wet wet S2 05-17 - 06-01 25, 18 42 0.03 
S2dry dry S2 06-13 - 07-06 25 78 0.04 
S2SoilTopo_sep  
S2SoilTopowet wet S2, SoilTopo 05-17 - 06-01 25, 18 42 0.03 
S2SoilTopodry dry S2, SoilTopo 06-13 - 07-06 25 78 0.04 
S1 mix S1 05-14 - 07-19 25, 23, 14, 19, 22, 1, 21 98 0.11 
S1SoilTopo mix S1, SoilTopo 05-14 - 07-19 25, 23, 14, 19, 22, 1, 21 98 0.11 
S1_sep  
S1wet wet S1 05-14 - 06-01 18, 25, 23, 14, 19, 22, 1, 21, 2 29 0.06 
S1dry dry S1 06-07 - 07-19 25, 23, 14, 19, 22, 1, 21 69 0.04 
S1SoilTopo_sep  
S1SoilTopowet wet S1, SoilTopo 05-14 - 06-01 18, 25, 23, 14, 19, 22, 1, 21, 2 29 0.06 
S1SoilTopodry dry S1, SoilTopo 06-07 - 07-19 25, 23, 14, 19, 22, 1, 21 69 0.04  

Fig. 2. Observed and LOO-Predicted SMC and the 10 most important predictors of the RFR-model a) Sentinel 2 data alone (S2) b) Sentinel 2 and soil type and 
topography data (S2SoilTopo) c) Sentinel 2 for the dry and wet period (S2_sep) d) Sentinel 2 and SoilTopo data for the dry and wet period (S2SoilTopo_sep). 

Table 2 
Model performance of S1_sep and S2_sep for forest and grassland areas.  

hydrological condition S1_sep S2_sep grass S2_sep forest 

RMSE R2 RMSE R2 RMSE R2 

wet 0.08 0.34 0.11 0.13 0.07 0.30 
dry 0.1 0.03 0.07 0.21 0.06 0.46  
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and also – to a lesser extent – the S2 RFR-model are able to separate wet 
(May 17 to June 1) from dry (June 13 to July 6) periods. For both RFR- 
models, Band 11, located in the short wave infrared wavelength range 
(1610 nm), is the most skillful predictor. 

During the dry period, the mean observed SMC under forest is 0.1 
m3/m3 higher than the SMC under grassland areas. All established S2- 
based RFR-models reproduce this land cover-specific SMC difference. 

Modelling wet and dry periods separately (S2_sep) improves the 
overall RFR-model performance of S2. However, the performance be
tween grassland and forest areas differs distinctively for the S2_sep 
model (Fig. 2c). The RFR-model metrics of S2_sep distinguished by land 
cover type are displayed in Table 2. Grassland with a maximum R2 of 
0.21 shows no correlation to SMC, whereas forest areas show moderate 
R2 of 0.3 and 0.46 for the wet and dry model, respectively. 

SoilTopo as additional predictor set is considerably reducing the 
RMSE of S2 and S2_sep wet and dry RFR-models up to 50%. This is 

underlined by the most important variables of the RFR. Within the 
S2SoilTopowet model, six out of ten predictors are topography de
rivatives that account for flow properties. For the S2SoilTopodry RFR- 
model, in turn, half of the ten most important predictors are based on 
soil property information. S2 observations only play a minor role within 
both S2SoilTopo_sep RFR-models. This is revealed by only one and three 
S2 based indicators for wet and dry periods, respectively. 

Using the SoilTopo_only models as a benchmark (Table 3, see also 
fig. C.6), it becomes apparent that S2 data provide valuable temporal 
information to the S2, S2SoilTopo, and S2SoilTopodry RFR-models. This 
is also confirmed by the scatterplot Fig. 2d, where no distinct horizontal 
lines are visible. The S2SoilTopowet model has lowest temporal vari
ability with an averaged standard deviation of 0.3 per CRNS probe. For 
this RFR-model, using only SoilTopo variables to predict the CRNS- 
based SMC is more accurate than adding S2 observations. 

Table 3 
Model performance of the different Random Forest regression model setups.  

Model name RMSE MAE R2 

Model SoilTopo_only Model SoilTopo_only Model SoilTopo_only 

S2 0.11 0.13 0.09 0.12 0.45 0.21 
S2SoilTopo 0.08 0.13 0.06 0.12 0.68 0.21 
S2_sep 
S2wet 0.10 0.04 0.08 0.03 0.20 0.85 
S2dry 0.07 0.05 0.06 0.04 0.46 0.78 
S2SoilTopo_sep 
S2SoilTopowet 0.05 0.04 0.04 0.03 0.78 0.85 
S2SoilTopodry 0.04 0.05 0.03 0.04 0.82 0.78 
S1 0.14 0.13 0.11 0.11 0.07 0.16 
S1SoilTopo 0.12 0.13 0.09 0.11 0.26 0.16 
S1_sep 
S1wet 0.08 0.08 0.06 0.06 0.34 0.37 
S1dry 0.10 0.04 0.08 0.03 0.03 0.76 
S1SoilTopo_sep 
S1SoilTopowet 0.06 0.08 0.05 0.06 0.61 0.37 
S1SoilTopodry 0.04 0.04 0.03 0.03 0.76 0.76  

Fig. 3. Observed and Predicted SMC and 10 most important input variables of the RFR-model a) Sentinel 1 data alone b) Sentinel 1 and SoilTopo information c) 
Sentinel 1 separated by wet and dry period d) Sentinel 1 and SoilTopo information separated by wet and dry period. 
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3.2. Following the CRNS-based SMC with Sentinel 1 observations 

The results of the S1 regression, as depicted in Fig. 3, reveal a low 
RFR-model performance when not accounting for soil wetness condi
tions. When modelling dry and wet periods separately, only the RFR- 
model of the wet period reaches a modest performance with an R2 of 
0.34 and an RMSE of 0.17 m3/m3. 

Including soil and topography information to the predictors reduces 
the RSME of the S1dry and S1wet RFR-models by 60% and 25%, 
respectively. Similar to the S2SoilTopo_sep RFR-models, the majority of 
the most important variables in the S1SoilTopodry RFR-model are 
SoilTopo variables. Particularly relevant for the S1SoilTopodry RFR- 
model is the information about the soil properties. The wet RFR-model 
in turn is rather based on topographical derivatives. Besides SoilTopo 
predictors, also the radar vegetation index (RVI) and the ratio VH/VV 
(rVHVV) are very relevant for the S1 RFR-models with modest to good 
RFR-model performance (S1wet and S1SoilTopowet RFR-models). 

S1 observations do not improve the S1SoilTopodry RFR-model. As 
with the S2SoilTopowet model, temporal variability is lowest for the 
S1SoilTopowet RFR-model with a mean standard deviation per CRNS 
probe of 0.04 m3/m3. In contrast, for the more temporally variable (0.06 
m3/m3) wet period, the S1 observations add necessary temporal infor
mation. This is reflected in a 25% lower RMSE and a nearly doubled R2 

of the S1SoilTopowet RFR-model compared to the corresponding Soil
Topo_only RFR-model. 

3.3. Spatial application of Random Forest Regression models 

The spatial application of the best RFR-models in comparison to a 
constrained interpolation of the CRNS-based SMC is depicted in Fig. 4 
for June 1 for all RFR-models and June 25 and June 26 for S1-based and 
S2-based RFR-models, respectively. Each pixel value of the RFR-model 
predictions corresponds to a CRNS-based SMC signal that is an inte
grated SMC estimate of a footprint with horizontal scale larger then the 
pixel itself. Moreover, the vertical extent of the soil medium which 
contributes to the SMC signal varies for each pixel due to different soil 
properties, SMC and different hydrogen pools (Baroni et al., 2018; Köhli 
et al., 2015, 2021). 

All RFR-models are able to differentiate between the wetter mean 
SMC of 0.64 m3/m3 of June 1 and the drier mean SMC of 0.43 m3/m3 of 
June 26. However, the spatial distributions of the predictions differ 

significantly. The constrained interpolation (a) depicts areas of SMC 
higher than 0.75 m3/m3 in the northern part of the Fendt site for the wet 
day. These are also captured by the two S2-based RFR-models (c, d), but 
the high SMC values are limited to the course of the rivulet. The drier 
western area of the Fendt site is reproduced by all applied RFR models. 
However, the spatial heterogeneity in SMC is less pronounced for the 
S1SoilTopo_sep (b, f) compared to the S2-based RFR-models. For the 
S1SoilTopodry RFR-model (f) as well as the S2SoilTopowet (c) and 
S2SoilTopodry (g) RFR-models, the spatial distribution of soil properties 
shapes the predicted SMC pattern. Within these prevailing patches, the 
RFR-model still differentiates between wetter and drier areas. In 
contrast, the spatial distribution of SMC estimated by S2SoilTopo (d, h) 
strongly follows field structures and grass mowing patterns. Similar 
patterns are revealed within the S1SoilTopowet RFR-model (b). 

4. Discussion 

Our goal was to provide initial insights into the potential of S2 and S1 
as well as ground and topography information in following the SMC of a 
large soil volume as obtained by CRNS. In this regard, we applied RFR 
trained with different predictor combinations and for different soil 
wetness conditions. 

In general, our analysis showed that both sensors, S1 and S2, could 
be linked to CRNS-based SMC data for certain time periods and to a 
certain spatial extent. We will address the space-borne observation 
related results in section 4.1 and section 4.2. Our results also showed the 
high importance of soil and topography information in estimating the 
CRNS-based SMC, which will be discussed in section 4.3. In section 4.4 
we evaluate the limitations and possibilities of the developed approach. 

4.1. Following CRNS-based SMC with Sentinel 2 observations 

The model performances of S2-based RFR-models that do not ac
count for wet and dry periods, show the ability of S2 observations to 
distinguish between wet and dry CRNS-based SMC. The S2 and S2Soil
Topo RFR-models are mainly driven by SWIR bands, especially band 11, 
and spectral indices that include bands of the SWIR, such as the 
normalized difference infrared index (NDII) or the normalized soil 
moisture index (NSMI). These results confirm the high potential of the 
SWIR bands to distinguish moisture states of soil and plant material 
(Ambrosone et al., 2020; Sadeghi et al., 2017; Shih and Jordan, 1992). 

Fig. 4. a,e Constrained Interpolation of CRNS-SMC and spatial application of b,f S1SoilTopo_sep c,g S2SoilTopo_sep d,h S2SoilTopo for a,b,c,d July 1, f June 25 and 
e,g,h June 26. Black dots mark CRNS probes included for the corresponding model training. 
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The S2 and S2SoilTopo models, which do not distinguish between 
wet and dry periods, imply that S2 is not affected by the decreasing 
penetration depth of the CRNS-based SMC signal with wetter soils. Plant 
characteristics, similar to the CRNS-based SMC signal, are indicators of 
SMC at depths that change with hydrologic condition (Fort et al., 2017; 
Guderle et al., 2018; Hildebrandt, 2020; Nippert and Knapp, 2007). Best 
correlations between SMC and spectral indices can be obtained for the 
SMC at the depth of maximum root water uptake (Carlson et al., 1990; 
Peng et al., 2014; West et al., 2018). Nippert and Knapp (2007) and 
Guderle et al. (2018) find depths of maximum water uptake of grassland 
species ranging from 5 cm at saturated conditions to 60 cm during dryer 
periods. This approximates the vertical characteristics of the 
CRNS-based SMC signal in our analysis. The SMC of the CRNS corre
sponds best with the SMC measured by SoilNet at 5 cm and 20 cm depth 
during wet and dry periods, respectively. 

S2 models are also able to map the land cover specific SMC distri
bution with grassland having a lower SMC than forest areas during the 
dry period. A multitude of analyses found that SMC distribution and 
dynamics differ with land cover type (Korres et al., 2010; Vinnikov et al., 
1996; Wang et al., 08 2012). Optical data has shown to be able to map 
the land cover specific SMC using a variety of approaches (Ambrosone 
et al., 2020; Liu et al., 2020; Sadeghi et al., 2017; Sobrino et al., 2012). 
Since S2 data are highly suitable for land cover mapping (Ottosen et al., 
2020; Rujoiu-Mare et al., 2017; Sánchez-Espinosa and Schröder, 2019), 
the successful discrimination of land cover specific SMC in our results 
can be expected for the small forest-grassland area considered in this 
study. 

The poor grassland specific RFR-model performances of S2_sep and 
the spatial prediction of S2SoilTopo reveal the disadvantage of relying 
only on vegetation traits. The Fendt site encompasses large areas of 
intensively managed grassland. The small-scale cutting practices com
bined with pastures result in a patchwork of diverse regrowth stages 
within the study area which hampers the linkage of CRNS-based SMC 
with S2 data. Burke et al. (1998) found that mowing is able to override 
the dependency of vegetation traits on SMC. 

Consistent with the mowing activities that hamper SMC-retrieval at 
the grassland areas, for the non-managed forest sites the wet and dry 
RFR-models are able to follow the CRNS-based SMC. Since significant 
soil depth and species dependent time lags of optimal vegetation 
response exist (Naithani et al., 2013; Peng et al., 2014), this correlation 
could be further enhanced with a time lag analysis for the Fendt site. 

4.2. Following the CRNS-based SMC with Sentinel 1 observations 

For S1 data it is crucial to distinguish between dry and wet periods, 
thus accounting for the different sensing volumes of S1 observations and 
CRNS. Our results of the S1 and S1SoilTopo RFR-models reveal diffi
culties to follow the CRNS-based SMC despite the successful surface SMC 
retrievals with S1 data reported at grassland (Holtgrave et al., 2018) and 
farmland sites (El Hajj et al., 2017; Liu et al., 2020). The superior 
RFR-model fit of the wet over the dry RFR-model of S1_sep shows the 
impact of the different vertical extent of the two sensing techniques. The 
SMC obtained by CRNS during the wet period corresponds to the SMC 
measured at 5 cm depth by the SoilNet. The penetration depth of the 
C-band waves reaches a maximum of 10 cm for bare soil (Ulaby et al., 
2014). Owe and Van de Griend (1998) find an effective penetration 
depth of 1–2 cm. The similar sensing sensitivity of the C-Band micro
wave and the CRNS to similar soil volumes during the wet period lead to 
the successful linkage of both signals. Due to the deepening of the ver
tical sensing extent of the CRNS with decreasing SMC (Köhli et al., 2015; 
Schrön et al., 2017), the bias between SMC obtained by CRNS and the 
SMC of the shallower sensing volume of the S1 increases during the dry 
hydrological period. This results in poorer correspondence of 
CRNS-based SMC with S1 during this period. 

Wet RFR-models of S1_sep and S1SoilTopo_sep are impacted by 
vegetation cover. This is visible in the spatial application of the 

S1SoilTopowet RFR-model, and the importance of the ratio of VV and 
VH (rVVVH) and the Radar vegetation index (RVI) for the RFR-model 
creation. Comparisons of the SAR indices with plant traits and spectral 
indices (Holtgrave et al., 2020; Veloso et al., 2017) found good agree
ment with NDVI and NDWI time series as well as biomass and and green 
area index for different crops. This indicates that the RFR-model uses the 
sensitivity of the microwave to the water conditions and dynamics in the 
vegetation, which in turn are based on soil water dynamics (Porporato 
et al., 2001). But, similar to the S2SoilTopo RFR-model, the spatial 
patterns of the S1SoilTopowet RFR-model follow the field structures. 
This demonstrates that also for SAR the indicative value of plant char
acteristics for soil moisture is disturbed by mowing, as it leads to an 
inconsistent signal attenuation by the varying vegetation cover along 
space and time. 

SoilTopo as additional data set is essential to support S1-based RFR- 
models. Directly affecting S1 data, the dielectric constant varies with soil 
texture. Engman and Chauhan (1995) rate this impact of the soil texture 
on the dielectric constant as less relevant for practical purposes. Con
trasting this, Beale et al. (2019) report errors of up to 20 vol_% when the 
spatial distribution of soil properties such as texture, organic matter 
content and structure are not considered in the SMC retrieval at reso
lutions <100 m. Accounting for soil texture was especially beneficial for 
the S1SoilTopodry RFR-model. 

4.3. Contribution of soil properties and topography information 

All RFR-models considerably benefit from the inclusion of soil and 
topography information in the predictor data set. Especially in S1Soil
Topo_sep and S2SoilTopo_sep, variables of SoilTopo are the most 
important predictors in estimating SMC. This is in accordance to ana
lyses on the driving factors of SMC patterns in different watersheds that 
identify topography and soil properties as the most important features 
(Korres et al., 2010; Rosenbaum et al., 2012). 

A major drawback of the SoilTopo data set is its temporally static 
character. Obviously, this inhibits RFR-models with only SoilTopo as 
input to estimate temporal variability. Splitting the CRNS data into wet 
and dry periods allows the selection of those SoilTopo predictors that 
best represent the patterns of SMC during each hydrological period. Also 
Western et al. (1998) and Schröter et al. (2015) find better model ca
pacity of topographic SMC modelling when taking soil wetting and 
drying phases into account, since the explaining capacity of the different 
predictors varies with SMC condition and governing physical processes. 

In the dry RFR-model of both, S1SoilTopo_sep and S2SoilTopo_sep, 
soil texture and soil type information are the most important predictors, 
followed by elevation. For the wet RFR-models, topography derivatives 
related to runoff are the major contributors. This is in accordance to 
other investigations on SMC patterns. They find that lateral flow and 
redistribution processes dominate the SMC patterns during wet periods 
(Grayson et al., 1997; Rosenbaum et al., 2012; Western et al., 1998). Soil 
properties controlling water holding capacity (Vereecken et al., 2007) 
and topographical information related to solar energy driving evapo
transpiration (Western et al., 1998) in turn are drivers of SMC distri
bution during dry states. If the temporal variability within the 
hydrological states is too high, additional information of the 
space-borne sensors are necessary to add the temporal dynamics prev
alent within the SMC clusters. 

4.4. Limitations and potentials 

A variety of analyses underline the potential of the synergistic use of 
S2 and S1 in retrieving SMC (Attarzadeh et al., 2018; Liu et al., 2020; 
Paloscia et al., 2013). However, no combined RFR-model with both, S1 
and S2, as predictors was established in this study. During the here 
considered observation time, only five image acquisitions of S1 and S2 
have a maximum time difference of one day. With longer time intervals 
between data acquisitions, alterations of the land surface due to mowing 
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activities occur. Four of the five overlapping S1 and S2 acquisition dates 
are within the dry period, during which the different sensing volumes of 
S1 and CRNS limit the explanatory power of the RFR-model. Extending 
the predictor set by SoilTopo leads to higher model performance, but S1 
and S2 data are the less important predictors. Therefore, with the data 
set used here, it is not expected that a combination of S1 and S2 will lead 
to new insights into the relation of the CRNS-based SMC and the remote 
sensing signals. 

Both remote sensing observations were weighted corresponding to 
Schrön et al. (2017) within a radius of 45 m for each CRNS probe. The 
overall footprint extent of the CRNS probe actually exceeds the here 
chosen radius (Köhli et al., 2015). However, the majority of the CRNS 
signal originates from the first 50 m around the CRNS probes. With 
increasing soil wetness, the area of major signal contribution recedes 
even closer to the probe (Köhli et al., 2015). Thus, we assume that the 
chosen footprint extent is representative to draw our conclusions. 
However, the impact of the weighting method and the horizontal extent 
chosen to determine the footprint in the S1 and S2 observations requires 
further analysis. 

We are now better understanding the potentials and limitations of 
S1, S2 and SoilTopo data in following the CRNS-based SMC signal. 
However, the insights are confined to C-band SAR data characteristics, 
the S2 specific optical observations, the site characteristics of the Fendt 
area (grassland only) and the observed season (spring - summer). So far, 
we only analyzed the linkage of VV- and VH-polarized C-Band obser
vations with the CRNS-based SMC signal. The HH polarization (Paloscia 
et al., 2013) or the deeper penetrating L- and P-Band microwaves may be 
better related to SMC and differ in sensing volume (El Hajj et al., 2019; 
Ulaby et al., 2014). This is of special interest since the recently launched 
SAOCAM and other upcoming L-Band satellite missions such as NISAR, 
ROSE-L and Tandem-L will deliver high resolution SAR data at very high 
temporal resolutions. Not only S2 and S1 observations (Esch, 2018; 
Mengen et al., 2021; Schnur et al., 2010) but also the dynamics of 
CRNS-based SMC signal (Baroni et al., 2018; Köhli et al., 2021) are 
species, soil and land cover dependent (Esch, 2018; Mengen et al., 2021; 
Schnur et al., 2010). Therefore, further analyses are needed at other sites 
with different land cover characteristics to confirm our first findings. 

According to our results, there are optimal hydrological conditions 
especially for S1 but also for variables of SoilTopo to follow the CRNS- 
based soil moisture. In this analysis we split the data into dry and wet 
periods based on in-situ (SoilNet) information existing at the Fendt site. 
Such temporal continuous and extensive reference SMC measurements 
are not available at all sites. Finding a method or a data set to stratify the 
CRNS-based SMC signal corresponding to hydrological conditions such 
as precipitation history, large scale SMC products of satellite missions or 
hydrological simulation models are welcome options to apply the 
approach at other sites and beyond the reported study setup. 

One of the advantages of satellite remote sensing is the ability to 
extend and complement local ground-based measurements for a larger 
region. This analysis is a local experiment to identify and understand the 
potentials and impacts when linking remote sensing observations with 
CRNS-based SMC. However, for transferring data-driven models to other 
sites their training samples need to comprise the whole range of SMC, 
vegetation, soil properties and climate conditions (Schnur et al., 2010). 
Mobile versions of CRNS, such as roving or the application of CRNS on 
trains (Desilets et al., 2010; Schrön et al., 2021) provide CRNS-based 
SMC over a broad range of environmental characteristics. As such, it is 
a promising data source for developing a novel SMC product at the 
regional level. 

Using large scale CRNS-based SMC as reference data for mapping 
SMC is beneficial due to several reasons: CRNS-based SMC has been 
shown to be superior over point measurements in representing hydro
logical processes at the catchment scale (Dimitrova-Petrova et al., 
2020). Additionally, the horizontal footprint of the CRNS method may 
correspond to the spatial extent of space-borne remote sensing obser
vations (Mohanty et al., 2017) and provides SMC estimates at the so far 

poorly represented intermediate scale (Robinson et al., 2008). One of 
the major benefits of the CRNS method is its sensing depth up to 80 cm 
(Köhli et al., 2015) thus representing the poorly represented (Peng et al., 
2021) root zone SMC especially during the critical dry periods. Using 
Random Forest regression models and evaluating the potentials of S1 
and S2, we have shown for the first time that it is possible to follow the 
larger sensing volume of the CRNS in space and time using multi-source 
remote sensing observations at a well known site. In doing so, we 
showed the possibility to exploit the favourable large vertical penetra
tion depth of the CRNS method. 

5. Conclusion 

This analysis set out to provide insights into the machine learning- 
based linkage of SMC signals that vary in space and time, namely opti
cal (S2) and active microwave (S1) remote sensing observations, time- 
invariant site specific information (soil type and topography) and the 
space-time dynamic CRNS-based SMC. It was built on an unique 
experimental data set of CRNS-based SMC that encompasses strong 
spatial and temporal SMC dynamics of an entire sub-catchment 
including ponding situations and a subsequent dry-down at different 
land cover types, soil properties, and topographic settings. 

By using different Random Forest regressions (RFR) to follow CRNS- 
based SMC with S2, S1 as well as site specific data, we identified sensor 
specific spatio-temporal conditions that influence this data-driven 
linkage. 

Based on in-situ SoilNet measurements, we defined a wet and dry 
period. During the wet period, the CRNS-based SMC corresponds to the 
SMC at 5 cm depth, whereas for the dry period the CRNS-based SMC 
follows measurements taken at depths of 20 cm. The RFR-models based 
on optical S2 data are able to differentiate between very wet and dry 
periods. The retrieval of CRNS-based SMC with S2 observations is less 
affected by the spatial dynamics of the CRNS-based SMC signal with 
hydrological condition as it is sensitive to plant rather than soil prop
erties. The dependency on plant traits also allows S2 data to distinguish 
land-cover-specific SMC differences for grassland and forest. However, 
grass mowing practices of the farmers hamper the retrieval of SMC 
patterns for S2 data within the grassland land cover class. For the quasi- 
unmanaged forest sites, it was possible to follow the CRNS-based SMC 
signal with S2-based RFR-models. These RFR-models require additional 
information of topography and soil texture in order to account for their 
impact on water availability for plants. 

For linking S1 with CRNS-based SMC, it is crucial to consider wet and 
dry periods. RFR-modelling with S1 data was only successful for the wet 
period when the CRNS-based SMC signal corresponded to the top-soil (5 
cm) SMC. Similar to S2-based RFR-models, S1-based RFR-models are 
impacted by grass mowing practices due to inconsistent signal attenu
ation along the vegetation canopy. Also the individual S1-based RFR 
models for wet and dry periods are improved by soil texture and 
topography information. 

Accounting for the hydrological conditions enables the RFR-models 
to select variables from the soil property and topography data set that 
are indicative for the corresponding hydrological processes during wet 
and dry periods. For the dry period, soil properties and topography 
variables relating to solar energy input are the most important infor
mation for estimating CRNS-based SMC. For the wet period, the topo
graphic indicators of runoff distribution contribute most to the 
regression model. Whilst the information on soil and topography 
represent a general time-static pattern of SMC distribution for each 
hydrological condition, the S1 and S2 data add the temporal dynamics to 
these clusters. Taken together, these results underline the importance to 
make use of the advantages of all data sources. 

This study shows the potential of exploiting the large sensing volume 
of the CRNS method via a data-driven linkage with remote sensing ob
servations. It provides first insights into the synergy of different spatio- 
temporal data sets when following the space-time-dynamic SMC signal 
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of CRNS. Understanding the potentials and limitations of each sensor is 
relevant when targeting the combined use of different data sources in 
space and time for a better coverage and understanding of hydrological 
processes in the vadose zone at larger spatial scales. 
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Appendix A. Predictor Variables  

Table A.4 
Optical and SAR indices as well as topographical derivates included in the predictor data sets  

Name Formula or algorithm Parameter Ref. 

Optical indices 
NDVI (NIR − B4)/(NIR + B4)  Rouse et al. (1974) 
NDVI_sc (NDVI − NDVIbS)/(NDVIvC100 − NDVIbS) bS: bare Soil, vC100: veg Cover 100% Sobrino et al. (2012) 
EVI G × (NIR − B4)/(NIR + C1 ⋅ B4 − C2 ⋅ B2 + L) G = 2.5,C1 = 7.5,L = 1 Huete et al. (1996) 
NDVI705 (B6 − B5)/(B6 + B5)  Sims and Gamon (2002) 
RVI B8/B4  Pearson and Miller (1972) 
MCARI (B5 − B4) − 0.2(B5 − B3)(B5/B4)  Daughtry et al. (2000) 
TCARI 3[(B5−B4−0.2(B5 − B3)(B5 /B4)] Haboudane et al. (2002) 
MSAVI 0.5(2 ⋅B8 + 1 − [(2⋅B8 + 1)2

− 8(B8 − B4)]0.5) Qi et al. (1994) 
NSMI (B11 − B12)/(B11 + B12)  Haubrock et al. (2008) 
SAVI [(B8A − B4)(1 + L)]/(B8A + B4 + L) L: 0.5 Huete (1988) 
NDWIor (B3 − B8)/(B3 + B8)  McFeeters (1996) 
NDII (B8 − B11)/(B8 + B11)  Hardisky et al. (1983) 
MSI (B12)/(B8)  Rock et al. (1986) 
NDMI [B8A − (B11 − B12)]/[R860nm +(B11−B12)]) Wang and Qu (2007) 
SAR indices 
rVHVV VV/VH γ0 Veloso et al. (2017) 
RVI 4VH/(VH + VV) γ0 Nasirzadehdizaji et al. (2019) 
RFDI (VV − VH)/(VV + VH) γ0 Saatchi (2019) 
SUM VV + VH γ0  

DIFF VV − VH γ0  

SMI_VV (VV − VVmin)/(VVmax + VVmin) γ0 Esch (2018) 
SMI_VH (VH − VHmin)/(VHmax + VHmin) γ0 after Esch (2018) 
Topographical derivates 
elevation  masl  
slope Barnes (2016) radians Horn (1981) 
aspect Barnes (2016) degree Horn (1981) 
curvature Barnes (2016)  Zevenbergen and Thorne (1987) 
profile curvature Barnes (2016)  Zevenbergen and Thorne (1987) 
planform curvature Barnes (2016)  Zevenbergen and Thorne (1987) 
Flow accumulation Rho8 implemented in Barnes (2016)  Fairfield and Leymarie (1991) 
TWI ln(FlowAccum/tan(slope)) Flow accumulation, slope BEVEN and KIRKBY (1979)  

Appendix B. . SoilNet soil moisture vs. CRNS soil moisture 
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Fig. B.5. Comparison of averaged SMC derived from SoilNet Nodes within a 60 m radius to the individual CRNS probes at 5 cm and 20 cm depths with the CRNS- 
based SMC. The dashed black line marks the cut-off date between the wet and dry periods. 

Appendix C. . SoilTopo_only RFR models for S1 and S2 acquisition dates

Fig. C.6. Observed vs. Predicted CRNS-based SMC using only SoilTopo data a) SoilTopo_only for S1 dates b) SoilTopo_only for S1 acquisition dates separated by 
hydrological condition c) SoilTopo_only for S2 acquisition dates d) SoilTopo_only for S2 acquisition dates separated by hydrological condition. 
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Köhli, M., Schrön, M., Zreda, M., Schmidt, U., Dietrich, P., Zacharias, S., 2015. Footprint 
characteristics revised for field-scale soil moisture monitoring with cosmic-ray 
neutrons. Water Resour. Res. 51 (7), 5772–5790. 

Köhli, M., Weimar, J., Schrön, M., Baatz, R., Schmidt, U., 2021. Soil moisture and air 
humidity dependence of the above-ground cosmic-ray neutron intensity. Front. 
Water 2, 66. 

Korres, W., Koyama, C., Fiener, P., Schneider, K., 2010. Analysis of surface soil moisture 
patterns in agricultural landscapes using empirical orthogonal functions. Hydrol. 
Earth Syst. Sci. 14 (5), 751–764. 

Kumar, K.A., Setia, R., Pandey, D.K., Putrevu, D., Misra, A., Pateriya, B., 2021. Soil 
moisture retrieval techniques using satellite remote sensing. In: Mitran, T., Meena, R. 
S., Chakraborty, A. (Eds.), Geospatial Technologies for Crops and Soils. Springer 
Singapore, Singapore, pp. 357–385. 

Landesamt für Digitalisierung, 2009. Breitband und Vermessung. Dgm1. https://www.ld 
bv.bayern.de/produkte/3dprodukte/gelaende.html. 

Landesamt für Digitalisierung, 2018. Breitband und Vermessung. Bodenschätzung. 
https://geoservices.bayern.de/wms/v1/ogc_alkis_bosch.cgi?. 

Lei, J., Yang, W., Yang, X., Jan. 2022. Soil moisture in a vegetation-covered area using 
the improved water cloud model based on remote sensing. J. Indian Soc. Remote 
Sens. 50 (1), 1–11. https://doi.org/10.1007/s12524-021-01450-2. URL.  

Li, Z.-L., Leng, P., Zhou, C., Chen, K.-S., Zhou, F.-C., Shang, G.-F., 2021. Soil moisture 
retrieval from remote sensing measurements: current knowledge and directions for 
the future. Earth Sci. Rev. 218, 103673. URL. https://www.sciencedirect.com/scienc 
e/article/pii/S0012825221001744. 

Liu, S., Roberts, D.A., Chadwick, O.A., Still, C.J., 2012. Spectral responses to plant 
available soil moisture in a californian grassland. Int. J. Appl. Earth Obs. Geoinf. 19, 
31–44. 

Liu, Y., Qian, J., Yue, H., 2020. Combined sentinel-1a with sentinel-2a to estimate soil 
moisture in farmland. IEEE J. Sel. Top. Appl. Earth Obs. Rem. Sens. 

Liu, Y., Qian, J., Yue, H., 2021. Comprehensive evaluation of sentinel-2 red edge and 
shortwave-infrared bands to estimate soil moisture. IEEE J. Sel. Top. Appl. Earth 
Obs. Rem. Sens. 14, 7448–7465. 
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Oswald, S., Wollschläger, U., Samaniego, L., et al., 2018. Cosmic-ray neutron rover 
surveys of field soil moisture and the influence of roads. Water Resour. Res. 54 (9), 
6441–6459. 
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