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Abstract— Wheat is one of the most important crops worldwide,
and thus the use of remote sensing data for wheat monitoring has
attracted much interest. Synthetic Aperture Radar (SAR)
observations show that, at C-band and VV polarization, wheat
canopy attenuates the surface scattering component from the
underlying soil during a significant part of its growth cycle. This
behavior needs to be accounted for or corrected before soil
moisture retrieval is attempted. The objective of this paper is to
develop a new method for wheat attenuation correction
(WATCOR) applicable to Sentinel-1 VV time series and based
solely on the information contained in the time series itself. The
hypothesis of WATCOR is that without attenuation, VV
backscatter would follow a stable long-term trend during the
agricultural season, with short-term variations caused by soil
moisture dynamics. The method relies on time series smoothing
and changing point detection, and its implementation follows a
series of simple steps. The performance of the method was
compared by evaluating the correlation between backscatter and
soil moisture content in six wheat fields with available soil
moisture data. The Water Cloud Model (WCM) was also applied
as a benchmark. The results showed that WATCOR successfully
removed the attenuation in the time series, and achieved the
highest correlation with soil moisture, improving markedly the
correlation of the original backscatter. WATCOR can be easily
implemented, as it does not require parameterization or any
external data, only an approximate indication of the period where
attenuation is likely to occur.

Index Terms—wheat, attenuation, SAR, time series, soil
moisture, Sentinel-1

I. INTRODUCTION

heat is one of the most important crops at the global

scale, being the main food grain source for humans

[1]. The monitoring of major crops like wheat is
essential for important applications such as food security
assurance [2] or biomass and vyield forecasting [3]. Soil
moisture (SM) is one of the key variables subject to be
monitored. The occurrence of plagues and diseases can be
affected by SM, and it plays a key role in the development of
crops as it determines the availability of water for plants [4]. At
a global scale, SM is a key variable of the climate system and it
is involved in a number of feedbacks affecting weather events

[5].

This work was supported by the Spanish Ministry of Science and Innovation
through project PID2019-107386RB-100 / AEI / 10.13039/501100011033 and
doctoral grant (BES-2017-080560).

M. Arias, M.A. Campo-Bescos, M. Gonzélez-Audicana and J. Alvarez-
Mozos are with the Institute of Sustainability and Food Chain Innovation (IS-
FOOD), Department of Engineering, Public University of Navarre (UPNA),

In-situ probes can measure SM at the point scale, but
generalizing point measurements to spatial areas is not
straightforward due to its high spatial variability [6]. Therefore,
remote sensing has received great interest, as a source of spatial
information over large areas of the territory with a given
periodicity. Microwave sensors are the most suitable for SM
estimation, because at this wavelengths the soil response is
determined partly by its dielectric properties that mainly depend
on surface SM [7]. Operational global SM products at coarse
resolution (25-50 km) have been developed in the last years,
mainly based on radiometers [8]-[10] or scatterometers [11].
SAR sensors offer a finer spatial resolution (10-20 m), suitable
for SM estimation at the agricultural field or irrigation sector
scale. Nevertheless, these sensors are more severely affected by
other variables such as soil surface roughness [12] or vegetation
characteristics [13], and thus, SM retrieval at the field scale is
still a challenging task [14], [15].

SAR based SM retrieval is a subject that has been studied for
more than forty years [16]. Different models have been
developed for bare soils over the years. The Integral Equation
Model (IEM) [17] and the Advanced Integral Equation Model
(AIEM) [18], [19] are physical-based models widely used [20],
[21]. Semi-empirical models were also developed, such as Oh
[22], Dubois [23] or Shi [20]. The inversion of these models
allows estimating a variable (e.g. SM) from backscatter
observations, knowing the rest of the variables of the model
(e.g., surface roughness). Machine learning techniques have
also been used for SM estimation, for instance artificial neural
networks (ANN) [24] or support vector machines (SVM) [25],
[26]. In some studies, machine learning approaches were
trained using synthetic datasets generated with madels, such as
IEM [27], while in other cases training was performed with real
remote sensing observations and in situ data [28].

The backscatter response from vegetation canopies is
complex, as it is influenced by sensor configuration (e.g.,
frequency, wavelength and incidence angle), the physical
structure and the dielectric properties of plant elements and the
characteristics of the underlying soil. Therefore, SM estimation
under vegetated surfaces requires the coupling of vegetation
and soil backscatter models [29] in order to separate both
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contributions. Different models that simulate the backscatter
from canopies have been developed. Full electromagnetic
scattering models, like the Michigan Microwave Canopy
Scattering model (MIMICS) [30], [31], might be difficult to use
in an operational setting due to the large number of parameters
required. Therefore, approximate solutions like the semi-
empirical Water Cloud Model (WCM) [32] have gained interest
and popularity due to its relatively simplicity [7], [33]. The
WCM represents the vegetation canopy as a medium composed
of identical water particles that can be represented by bulk
descriptors related to its density (e.g., Vegetation Water
Content or LAI). For empirically fitting WCM coefficients,
backscatter observations, SM measurements and vegetation
descriptors are required. Different studies investigated
alternative vegetation descriptors that might be obtained from
in-situ data or from remote sensing observations [13], [27]. The
first ones are costly and time consuming, while remote sensing
based descriptors might be more easily obtained. The latter
include optical vegetation indices (e.g., NDVI.) [34], [35] or
features obtained from multi-pol SAR observations (crosspol
ratio, etc.) [36], [37]. SAR features might be particularly
interesting for areas where weather conditions preclude the use
of optical data [36]. WCM simulates both the vegetation
contribution to backscatter (volume scattering) and its effect in
attenuating the soil contribution. It usually requires a specific
parameterization for each vegetation type, vegetation descriptor
and study site [38], which needs additional in situ-
measurements for validation purposes.

Wheat canopy has a particular behavior in VV polarization,
with a characteristic scattering dynamics during the different
phenological stages [39], and a dominant scattering mechanism
consisting of soil backscatter attenuated by the canopy [40]-
[42]- At early stages backscatter mainly reflects the response of
soil, since the crop development is still poor [43], [44]. Then,
this soil backscatter component is attenuated gradually during
the stem elongation phase due to the vertical structure of wheat
plants, reaching its minimum values by the heading stage [40],
when backscatter starts to increase. Then, during crop maturity
and senescence, wheat plants dry out and the attenuation
capacity of wheat canopy gradually diminishes leading to an
increase in backscatter [45] until the crop is finally harvested.
Ouaadi et al [46] proposed that the attenuation produced by
wheat was the main cause of the scattered relationship between
SM and backscatter, while Wei3 et al [47] found that the
uncertainty in SM estimation increased from stem elongation
until heading, coinciding with the period of attenuation.

An approach for attenuation correction that would not require
external data or local-site parameterization would be of wide
interest from the applications point of view. Detailed
backscatter time series observed over wheat fields by ongoing
missions with a systematic observation planning, like Sentinel-
1, might be an invaluable information source for characterizing
the attenuation behavior of wheat. This would allow designing
and implementing data-driven approaches based on the
backscatter time series itself. Therefore, the objectives of this
paper are:

- To describe the backscattering behavior of wheat for C-

band VV polarization using a large dataset of Sentinel-1

observations.

- To propose a new method for wheat attenuation
correction (WATCOR) in VV polarization based solely
on the backscatter time series itself.

- To evaluate the proposed approach and compare it with
the state-of-the-art WCM using a dataset comprising in-
situ SM measurements over several wheat fields.

The remaining of the article is structured in three separate
sections, section 1l describes the general backscatter behavior
of wheat, section Il proposes the new method WATCOR and
section 1V evaluates and compares it with the WCM. Finally
some conclusions are drawn.

Il. GENERAL WHEAT BEHAVIOR AT C-BAND VV BACKSCATTER

This section analyzes a large wheat backscatter dataset
collected during four agricultural campaigns (2016, 2017, 2018
and 2019) in Navarre (Spain). The objective is to describe the
general backscatter behavior of this crop in VV polarization.

A. Methodology

1) Study area

The study area comprises the agricultural lands of the
province of Navarre in Northern Spain (Figure 1). In spite of its
relatively small extension (10,391 km?), Navarre is
characterized by its diversity regarding climate and landscape.
The Northern area corresponds with the western side of the
Pyrenees mountain range, and has a humid climate with a
predominance of forests and prairies. In contrast, the Southern
area, with a drier climate and a higher proportion of arable land,
is formed by the plains of the Ebro basin. The transition zone
between these two areas has mixed characteristics. This
diversity leads to a stratification of Navarre in seven
agricultural regions for administrative and management
purposes. The detailed characteristics of the agricultural regions
are described in Arias et al. [48]. Table I presents some basic
features of the wheat fields therein.
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Fig. 1. Location of the province of Navarre and its seven
agricultural regions

2) SAR imagery

Sentinel-1 C-band SAR imagery was the base for this study.
Images were acquired in the Interferometric Wide (IW) swath
mode with dual-pol (VH-VV) configuration, and they were
downloaded as level-1 Ground Range Detected (GRD)



products. Sentinel-1 overpasses the study area in one ascending
orbit (103ASC) and two descending orbits (8DESC and
81DESC). All available Sentinel-1A and B scenes in these three
orbits covering the study area from 1 September 2015 to 31
August 2019 were used in this study, making a total of 563
scenes. The revisit time was variable during the years of study
and the different orbits used. In 2016, S1B was not yet available
so the revisit time was 12 days in all orbits, and then it shortened
to 6 days for the rest of the study, except for orbit ASC103
where S1A was unavailable from April 2018 to the end 0f 2019.

The images were processed with an automated pipeline in
SNAP Graph Processing Toolbox following these steps: 1)
thermal noise removal; 2) slice assembly; 3) apply orbit file; 4)
calibration; 5) speckle filtering (3x3 Gamma-Map); 6) terrain
flattening; 7) range-doppler terrain correction and 8) subset to
the extent of Navarre. After the process, ) backscatter
coefficients in dB units were obtained. The pixel size of the
output products was set to 20 m. The SRTM 1sec HGT DEM
was used for terrain flattening and terrain correction.

TABLE |
CHARACTERISTICS OF WHEAT FIELDS ON EACH
AGRICULTURAL REGION

Wheat Average Average
Agricultural area size of slope gf Type of
region cultivated fields >oP management
fields (%)
(ha) (ha)
R1 583 1.03 12 Rainfed
R2 8126 1.83 11 Rainfed
R3 11620 1.73 11 Rainfed
R4 16990 1.39 11 Rainfed
R5 14941 1.47 9 Rainfed/Irrigated
R6 10348 1.55 5 Rainfed/Irrigated
R7 7695 1.73 6 Rainfed/Irrigated

3) Data extraction

The Agriculture Department of the Government of Navarre
provided an anonymized version of the Land Parcel
Information System (LPIS or SIGPAC in Spanish) with the
crops declared for each parcel in the 2016, 2017, 2018 and
2019. This dataset consisted of a GIS polygon vector file and
its corresponding attribute table with the crops stated by farmers
in their EU Common Agricultural Policy (CAP) declarations.
From this dataset, wheat parcels were extracted for each year
and preprocessed as follows: (1) parcels smaller than 0.5 ha
were discarded, (2) a 5 m inner buffer was applied to the parcel
boundaries, (3) the median backscatter was computed for each
parcel in each acquisition date leading to a backscatter time
series for each parcel and year, and (4) the 10% of parcels most
dissimilar to the characteristic wheat time series were discarded
each year, since some CAP declarations might be erroneous
[48]. The final number of wheat parcels used in this study was
21845 for 2016, 18750 for 2017, 20374 for 2018 and 20465 for
2019.

4) Analysis of the backscatter trend

For each agricultural region, year and satellite pass, the
median VV backscatter time series of all wheat parcels were
computed. Additionally, the median time series at the province
level (Navarre) were also calculated. Each agricultural year

started the 1% September of the previous year and ended the 31
August of the corresponding year.

Before analyzing the backscatter behavior of wheat, the
similarity between years was evaluated by comparing the
autocorrelation function (ACF) of the median time series. The
ACF measures how fast or slowly data in the time series vary
[49], and itis useful for identifying underlying trends in the time
series. The correlation length (Ieor) was also calculated and used
as a parameter that summarizes the information conveyed in the
ACF. leor is the lag distance (days in our case) where
autocorrelation in the time series is lost, this is commonly
defined as the lag where the ACF falls below 1/e [50]. Finally,
in order to evaluate the long-term backscatter trend, a moving
average of 36 days was computed for the median time series.
This process enables omitting rapid backscatter variations due
to meteorological events or eventual agricultural practices, so
that only the general backscatter trend caused by wheat canopy
remains in the time series.

B. Autocorrelation results

Figure 2 showed that the ACFs obtained for the different
years were similar, particularly during the first 50 lagged days.
Autocorrelation values steadily decreased to a value of zero
around day 100. Additionally, the ACF between the different
orbit nodes was also quite similar, although orbit 103ASC had
a slightly steeper decay.

When computing the ACFs for each agricultural region
(Supplementary Materials 1), it can be observed that regions 6
and 7 presented a steeper decay than the rest, meaning that
backscatter variations in wheat parcels of these regions might
be more abrupt than in the other regions. The correlation length
(Table I1) enables comparing these ACFs quantitatively.
Although there was some variability in lecorr between the
different years studied, values did not deviate drastically from
the mean (~30 days). The differences observed could be
attributed as a first instance to the climatic conditions, with
2018 being the wettest year in the series for regions 4, 6 and 7
and showing lower ler values than the remaining years. In
addition, Sentinel-1 revisit time was not consistent during the
whole study period. ‘It concurred that time series with lower
temporal resolution (i.e., longer revisit time) had lower lcor.
Agricultural regions 6 and 7 showed lower I Values, probably
due to the larger amount of irrigated wheat parcels in these
regions that might result in a more dynamic SM variation
(Supplementary Materials 1). The remaining regions had a very
similar autocorrelation behavior to that observed at the
provincial level. Altogether, this analysis demonstrates that
wheat backscatter time series have a certain degree of
autocorrelation that is similar every year, suggesting that wheat
canopy creates an annual systematic trend in V'V backscatter.

TABLE Il
CORRELATION LENGTH OF MEDIAN WHEAT TIME SERIES ACF
. Campaign  Campaign  Campaign ~ Campaign
S;g:: 2016 2017 2018 2019 ('\é':as';
(days) (days) (days) (days) Y
8DESC 25 28 34 37 31
81DESC 28 33 36 41 35

103ASC 22 29 27 27 26




C. Long-term wheat backscatter trend analysis

Figure 3 showed that backscatter slightly increased from
September to November due to soil preparation and sowing.
Also, November is normally a wet month, so the backscatter
rise might respond to higher soil moisture. During December
and January, backscatter values remain rather high (~-9.5dB).
However, there was a clear decrease in backscatter from
February to April, which reached its minimum value (~15dB)
at the end of April. During this period, the vertical orientation
of wheat canopy at the stem elongation stage (BBCH21-55)
[51] produces an attenuation of backscatter [40]. Then,
backscatter increased from April to June due to changes in the
structure of plants, as a consequence of the successive
phenological development, from flowering to ripening
(BBCH55-99). Finally, after harvest, a stabilization in
backscatter values was found in July and August (~12dB), when
backscatter depends only on the bare soil response.

The smoothed time series of the different agricultural regions
(Supplementary Materials 2) exhibited the same behavior with
differences in their backscatter amplitude. For instance, the
decrease in backscatter during attenuation reached ~6dB in
northern regions, while in southern regions it was lower (~4dB).
The duration of the attenuation period also varied, being longer
in southern regions.

In summary, the analysis of the smoothed backscatter time
series confirmed the existence of a seasonal trend caused by
wheat canopy in VV backscatter, rather independent from SM
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variations and explained by wheat growth and phenology.
Backscatter attenuation caused by the growth of vertical stems
started approximately in February and lasted until the end of
April, when the maximum attenuation was observed. Then,
backscatter increased due to phenological development and
later also due to the greater penetration when cereals are drying
out during ripening and senescence, until harvest took place at
the end of June. For individual fields, both the start and end of
attenuation might be identified as changing points in their
backscatter time series. The specific start and end points of
attenuation for each parcel might vary due to the particular
management and site conditions of the parcel.

I1l. ANEW METHOD FOR CORRECTING WHEAT ATTENUATION IN
VV BACKSCATTER TIME SERIES

The previous section demonstrated that wheat canopy
produces a particular backscatter pattern in VV polarization
during the agricultural year. This section proposes a simple
methodology for correcting wheat attenuation in VV
backscatter time series (WATCOR), by using only information
contained in the VV backscatter time series itself.

The initial hypothesis is that if no attenuation existed, VV
backscatter would follow a rather stable long-term trend with
backscatter variations mainly caused by surface roughness or
moisture variations, as it occurs in the initial (Sep-Jan) and final
(Jun-Aug) bare soil periods.
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Fig. 2. Autocorrelation function (ACF) plots of median wheat time series in Navarre for the three different orbits: (a) 8DESC,

(b) 81DESC and (c) 103ASC
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Fig. 3. Smoothed Sentinel-1 VV time series for the different agricultural campaigns and orbits: (a) 8DESC. (b) 81DESC. (c)
103ASC. Curves represent the median of all wheat parcels in Navarre. Main phenological stages (BBCH scale) are indicated.



The method follows a series of steps (Fig. 4). First, the period
where attenuation occurs is identified. Then, a low frequency
trend is interpolated for this period by assuming a linear
transition from the start of the attenuation period to its end.
Finally, the high frequency backscatter variations are finally
added to the low frequency trend. These high frequency
variations in the attenuation period are extracted by fitting and
subtracting a lower envelope curve to the real backscatter time
series. In the following subsections, these processes are
explained in detail.

A. Low frequency backscatter trend extraction

The low frequency trend underlying VV backscatter time
series was extracted by applying a Savitzky-Golay smoothing
filter [45]. This filter considers that high frequency variations
are noisy, and obtains a smoothed trend by computing a
polynomial least-squares fit of order p inside a moving window
of width w that crosses the signal [52]. The Savitzky-Golay
filter requires a signal with constant frequency. Therefore, to
comply with the missing scenes that seldom occur in Sentinel-
1 time series, a daily linear interpolation was performed first.
Then, the parameters of the filter were determined through
visual interpretation. High values of w and low values of p
produce smoother trends. The effects of varying these two
parameters are displayed in Supplementary Materials 3. A
polynomial order of one (p=1) with a window size of 45 days
(w=45) yielded the best results, obtaining a smooth signal that
preserved the attenuation trend and omitted high frequency
backscatter dynamics.

B. Identification of the attenuation period

The period when wheat attenuated VV backscatter was
identified by applying a change point detection technique in the
smoothed backscatter series. Change points are points in the

C\Oﬁginal backscatter time series. Delimitation of the attenuation period
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Fig. 4. Diagram indicating the main steps of WATCOR
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time series where unexpected and structural changes occur,
changing the data properties such as the mean or the variance
[53], [54]. Both the start and end of the attenuation period are
changing points in the smoothed trend. Although the Savitzky-
Golay smoothing minimized the number of changing points
detected outside the attenuation period, some additional change
points might be found, depending on other factors, such as the
climatic conditions of the year. To avoid this, the change point
search was constrained in time to periods where the start and
end of attenuation are likely to happen. In our case, based on
local knowledge, and the very high number of wheat parcels
analyzed, the search was constrained to a 2-month period:

e Beginning of attenuation: from 15/Jan to 15/Mar.

e End of attenuation: from 15/May to 15/Jul.
These dates should be adjusted to the particular agricultural
calendar and conditions of each site.

Once the search periods were set, a change point analysis
algorithm [55] was applied, based on the statistical moments of
the time series. The algorithm performed a nonparametric
estimation of the number of change points and their position
based on a divisive hierarchical clustering, without any
additional assumption on their distribution. The algorithm
parameters where set to k=1 (number of change points to
estimate) and min.size=2 (minimum number of observations
between change points).

C. Restitution of the smoothed trend

The smoothed backscatter trend was restituted to remove
wheat attenuation. To achieve this, a linear trend was assumed
between the start and end of the attenuation period (Fig.4b).
Ideally, this restituted trend would follow the backscatter
dynamics in case no attenuation existed.
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D. Lower envelope determination

During the attenuation period, the lower envelope of the
original backscatter time series represents the backscatter
bottom line, with values above it that could correspond to soil
wetting events. To extract this lower envelope, the iterative
methodology of Chen et al. [56] was adapted to obtain a curve
that fitted as good as possible the local minima in the
backscatter time series. To automate the methodology six steps
were followed (Fig.5):

1) Select the set of local minimum points in the
backscatter time series (t,y°), through its first
derivative. These points were flagged for later use as a
reference (t, %),

2) Smooth the time series using the Savitzky-Golay filter
(parameters p=1, w=45), leading to a smoothed curve
(t, YSS‘)O)

3) Initialization of an iteration (k= 1, ..., 100). Remove
high points in the time series, by selecting points that
were above the smoothed curve and replacing their
values with the ones on the smoothed curve (Eq.1).
This way, a new backscatter time series was generated

(&, vi),
Y% ¥ < Vo
yl(c) =3.0 0 Sok ! (1)
Ysk-10 V" > Vsk-1

4) Smooth again the obtained backscatter time series
(t,y?) using the Savitzky-Golay filter (parameters
p=2, w=45), producing a newly smoothed backscatter
time (¢, y5.), which got closer to the lower envelope.

5) Compute a fitting index (F,), as the RMSE between
the reference points (t,y°),., and their values in
(t, ygk)

6) Steps 3-5 where iterated 100 times, and finally, the
lower envelope was selected as the iteration (t,y%)
with the lowest F,

E. Addition of high frequency backscatter variations to the
restituted trend

The difference between the original backscatter time series
and the lower envelope was calculated. This difference
represented high frequency backscatter variations that mostly
responded to soil wetting events. Therefore, it was added to the
smoothed linear trend obtained in section C, resulting in the
corrected backscatter time series, where wheat attenuation had
been finally removed (Fig. 4d).

IV. CASE STUDY: BACKSCATTER AND SOIL MOISTURE
CORRELATION

The aim of this last section is to evaluate the effectivity of the
proposed approach (WATCOR) with a case study. Since the
correction of the vegetation effect is a pre-requisite for many
SM retrieval methods (e.g., IEM, Oh model, etc.), this
evaluation was performed indirectly by measuring the
correlation between SM measurements and VV backscatter
time series before and after correction. With this aim, surface
SM ground measurements obtained over wheat fields in three
dedicated field campaigns were used. In addition, the proposed
approach was compared with the well-known Water-Cloud

Model (WCM) [32], implemented in three different variants.
The rationale was that the method that best corrected vegetation
influence should result in higher correlation values between
backscatter and SM time series.
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Fig. 5. Flowchart explaining the determination of the lower
envelope

A. Methodology

1) Study area and soil moisture measurements

The study was conducted in six wheat fields located in the
province of Navarre (Spain) (Fig. 6). The main characteristics
of the fields are described in table Ill. From three to five
capacitance SM probes (Sentek-multi) were installed on each
field from winter until de end of June (harvest). The probes
recorded the volumetric SM on a 30 minutes basis, at six
different depths every 10cm, from the surface to 60cm deep, yet
for this analysis only the surface layer (0-10cm) was
considered. For each field, its SM time series was calculated as
the median time series of the probes installed on it. Finally,
from these field time series, a dataset was extracted with the SM
measurements that coincided with Sentinel-1 acquisitions
(Table 1V).



Fig. 6. Wheat fields location. Red dots represent the soil
moisture probes
TABLE Il
CHARACTERISTICS OF THE WHEAT FIELDS

. Number
Id Area Texture Type Sowing Harvest of
(ha) class date
probes
1 136 Clay-loam Rainfed 25/10/2017 05/07/2018 3
2 850 Loam Irrigated  25/10/2017  05/07/2018 6
3 157 Clay-loam Rainfed 25/10/2018 06/07/2019 4
4 280  Silt-loam Irrigated 25/10/2018 06/07/2019 5
5 137 Clay Rainfed  11/12/2019  03/07/2020 4
6 1.86 Loam Irrigated  11/12/2019  03/07/2020 5
TABLE IV
NUMBER OF SENTINEL-1 ACQUISITIONS PER ORBIT, AND
START AND END DATES OF SM MEASUREMENTS
Id 8DESC 81DESC 103ASC Initial date  Final date
1-2 20 21 13 03/03/2018 27/06/2018
34 19 20 9 14/02/2019  21/06/2019
5-6 29 29 29 31/12/2019  28/06/2020

2) Satellite imagery and data extraction

All available Sentinel-1 scenes from 1 September 2017 to 31
August 2020 were acquired and processed following the
process explained in Section-I1. After scene processing, a 10 m
inner buffer was applied to the field boundaries and the median
backscatter value for each field was computed on each of the
Sentinel-1 acquisitions during its particular agricultural year
(2018 for fields 1 and 2; 2019 for fields 3 and 4; and 2020 for
fields 5 and 6). All backscatter data were normalized to a local
incidence angle 8=40°, following the methodology explained in
[57].

All available Sentinel-2 multispectral Level-2A Bottom of
Atmosphere (BOA) reflectance images for the study period
were also used, in this case obtained from Google Earth Engine.
A subset of the study area was clipped, and scenes where the
study fields were free of clouds were downloaded for further
analysis. Two vegetation indices were computed: the
normalized vegetation difference index (NDVI) [58] and the
normalized water difference index (NDWI) [59]. As for
Sentinel-1, median values were computed for each field, using
the buffered polygon vector files, leading to field time series of
NDVI and NDWI. Finally, a linear interpolation was applied to

the NDVI and NDWI time series at a daily time step to derive
a time series coincident with Sentinel-1 acquisitions.

3) WCM vegetation correction

The WCM is a semi-empirical model used to correct the
vegetation influence on backscatter data [32]. The model
describes vegetation as a ‘cloud’ composed of identical water
droplets uniformly distributed within the canopy, which
attenuates the microwave radiation, but might also contribute to
the total backscatter [32]. The WCM is expressed as follows:

O—coan = 0—1989 + Tzo—sooil 2
2BYV;
2 = exp(- 2% )

Opeg = AVycos8(1 — 12)

(4)

where ¢an is the total backscatter, o®.y is the vegetation
contribution; ¢%qi is the soil contribution; 7% is a two-way
attenuation factor; @ is the incidence angle; Vi and V. are
vegetation descriptors; and A and B are empirical parameters
that depend on the vegetation descriptor and the radar
configuration considered. It must be noted that in this study the
WCM was fitted to VV polarized Sentinel-1 backscatter
observations (in linear units) after terrain flattening, so ;° was
used instead of ¢°.

In the literature, different vegetation descriptors for the
WCM can be found, although V1 and V; are usually considered
the same (Vi=V2). The most frequently used vegetation
descriptors are: the vegetation water content (VWC) [60], the
leaf area index (LAI) [61], the normalized vegetation
difference index (NDVI) [13], the normalized water difference
index (NDWI) [62] and to a lesser extent SAR descriptors, such
as radar vegetation index (RVI) [36] or VH/VV ratio [37]. In
this study, two optical-based WCM variants were implemented:
one based on NDVI and the other on NDWI [59]. Additionally,
a third WCM variant was used based on the VH/VV. VH/VV
values, in linear units, were smoothed with Savitzky-Golay
filter (p=1, w=45) and used as the SAR descriptor, from here
onwards referred to as VH/VV, for simplicity.

Although some authors used given vegetation parameter
values [63] in WCM, most studies determined the values of
parameters A and B for each particular site through
optimization [64] in a training scheme, where the soil
component of backscatter (¢°%oi)) is an input. Some studies
obtained o%i from physical backscattering models, such as the
Integral Equation Model (IEM) [65] or Dubois model [66].
However, these models need additional field measurements,
e.g. soil roughness. Alternatively, it can be assumed that ¢%oi
depends on volumetric soil moisture (SM) given [32]:

oo, = Dexp®M©)

(®)
where C and D are soil parameters depending on surface soil
roughness and texture, respectively. In this study, only SM
measurements were available and, therefore, equation 5 was
used to obtain ¢%. The only inputs used were: the VV
backscatter time series in linear units (0%an), the incidence
angle, SM measurements and the vegetation descriptors
considered on each variant. With this data, a non-linear



overdetermined system with four unknown parameters (A, B, C
and D) was stablished [34]. The system was solved using the
least-squared Powell’s dog-leg algorithm [67], establishing the
conditions that A and B are positive.

To train and validate the WCM a six-fold cross-validation
scheme was implemented, which allowed to obtain A, B, C and
D parameters for all fields, and state-of-the-art model
performance metrics: RMSE, Pearson correlation (R) and BIAS
[68]. Model train and validation was done separately for each
WCM variant (NDVI, NDWI and VH/VV), assuming similar
soil texture and roughness for all fields. For each case, the final
validation results were the mean performance metrics of the six
folds. The parameters of the models and the validation results
can be found in Supplementary Materials 4.

Once the WCM parameters were obtained, % was
extracted from equation (2) for each case, which represented the
soil backscatter contribution corrected for the vegetation effect.

4) Correlation analysis

A correlation analysis was carried out to evaluate the
performance of the wvegetation correction methodologies
investigated. For this, the original VV backscatter time series
and the time series corrected with the proposed approach and
the three WCM variants were correlated with the ground
measured SM values, using Pearson correlation coefficient R.

Additionally, the correlation between short-term backscatter
changes with sort-term SM changes was explored, since some
SM retrieval methods are based on change detection techniques
[69]. For this, the Pearson correlation coefficient of the
backscatter difference between subsequent Sentinel-1
observations (Ay°) and their SM difference (ASM) was
evaluated.

B. Results and discussion

1) Dynamics of the vegetation descriptors

The dynamics of NDVI and NDWI were quite similar (Fig.
7), increasing right after sowing. They reached a saturation
plateau that extended until vegetation ripening [70]. This
plateau was shorter for fields 5 and 6 because they were sown
later, and thus had a shorter cycle. On the other hand, the
dynamics of VH/VV time series were slightly different. VH/\VV
started to increase later, illustrating sensitivity to vegetative
growth until mid-April approximately [71]-[73]. Then, there
was a variable behavior at the end of the cycle. NDVI can be
considered a proxy of biomass [13] and NDWI a proxy of VWC
[74]. VH/VV ratio was also found to be a good proxy of crop
biomass [72].

2) Corrected backscatter time series

Figure 8 shows the time series of all fields for 8DESC orbit
(the results for the other two orbits are in Supplementary
Materials 5). Although the amount of rainfall in spring was
high, backscatter in the original time series decreased,
demonstrating once again the attenuation caused by wheat in
this period. The corrected time series presented differences
according to the methodology applied. Focusing on WCM
corrections, the first variant (NDV1) lead to significantly higher
backscatter values since sowing. Similarly, the third variant
(VH/VV) also resulted in higher values right after sowing. In
both cases, the differences with the original time series

increased with wheat development. Before harvest, the
differences decreased for NDVI, but for VH/V/V they remained
relatively high in most fields. In the second variant (NDWI) the
differences between the original backscatter time series and the
corrected ones were lower. In this case, backscatter remained
almost the same during the initial and last stages of the cycle,
and variations only affected the attenuation period. After WCM
correction with any of the three variants, it was still possible to
possible to distinguish a residual attenuation in most fields (Fig.
8).

The differences between the three WCM variants were based
in the differences between the vegetation descriptors. In
general, the optical corrected backscatter series started to
increase too early in the season, even before the attenuation
period started. Then, due to the loss of sensitivity to further
vegetation growth in the plateau, the moment of maximum
attenuation was not adequately corrected. Finally, in the
ripening stage, vegetation indices decreased rapidly leading to
a sudden drop of backscatter. This behavior was more marked
in the WCM variant with NDVI than with NDWI, since the
latter produced a smaller correction. The WCM based on
VH/VV produced a similar result and was not able to
completely correct wheat attenuation at the maximum
attenuation point.
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Fig. 7. Vegetation indices time series used as vegetation
descriptors in WCM. (a) Field 1, (b) Field 2, (c) Field 3, (d)
Field 4, (5) Field 5and (f) Field 6. For VH/VV data from orbit
8DESC isrepresented, the other two have a very similar pattern.
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WATCOR, compared to the WCM variants investigated,
only corrected backscatter values during the attenuation period,
and the correction effect was smoother than that achieved with
the WCM, in particular during the beginning of the season,
when sudden variations in vegetation descriptors (in particular
NDVI) lead to rapid changes. Furthermore, the new method
adequately corrected the backscatter values at the highest
attenuation point, compared to WCM corrections that were
unable to completely correct it and resulted in a residual
attenuation in this period.

3) Correlation results

The correlation coefficients obtained between backscatter
and ground measured SM are displayed in figure 9.
Additionally, scatterplots in figure 10 show the correlation
obtained for all the fields together. Both figure 9 and 10
represent the correlation between y° and SM and that of Ay° and
ASM. Further correlation results are given in Supplementary
Materials 6

Regarding the correlation between {° and SM, the original
backscatter time series had the lowest results (Fig. 9a), with a
median R value of 0.14. In this case, individual R values
obtained for the different fields and orbit passes varied strongly;
with several fields even leading to negative correlations, while
only a couple of fields achieved R values above 0.5. The WCM
corrections based on optical data (NDVI and NDWI) improved
the original correlation values, with a median value ~0.30,
being the NDVI correction slightly superior to the NDWI one.
The individual results (Supplementary Materials 6) showed
evidence that in most cases NDVI and NDWI had similar
correlations. Other studies found that variants based on NDWI
achieved better SM estimations than the ones on NDVI [35],
[63], attributing this result to the higher sensitivity of the SWIR
channel to the vegetation water content, and the low sensitivity
of NDVI to further vegetation growth after an NDVI of 0.8 [65].
Conversely, Zhang et al. [29] obtained limited results with
NDWI in dense wheat parcels with a modified version of the
WCM, attributing this result to an eventual saturation to further
increases in vegetation water content.

The correction based on the VH/VV ratio yielded lower R
values, with a median value of 0.24, being only superior to the
optical corrections in a few fields. The use of VH/VV as a
vegetation descriptor in the WCM is appealing, as it could
provide a means for correction with no need of external
(optical) data. However, not many studies attempted this, and
results were rather poor, with better results being achieved with
NDVI at L-Band over wheat [75] and wetlands [37].

WATCOR achieved the highest correlations, with a median
value R=0.47 (Fig. 9a). The method succeeded at increasing the
correlation in most fields-orbits, with a couple of exceptions
where it gave similar results to the original time series.
Comparing WATCOR with the second best correction (NDVI),
its performance was better in most cases. One of the exceptions
was field 1, where correlation values were already high
regardless of the correction applied, so differences between
WCM and WATCOR were small. It must be admitted, that in
some fields, in particular the two fields monitored in 2019,
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correlation results were low in all cases, suggesting that some
external factors (e.g., soil stoniness or a later sowing) might be
playing arole.
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Fig. 9. Median correlation results, (a) correlation between
backscatter and SM, (b) correlation between backscatter
differences (AY’) and SM differences (ASM) between
consecutive days. Error bars represent the first and third
quartile.

When comparing the results obtained with the different orbits
(Supplementary Materials 6), it can be seen that 103ASC
produced poorer result in 2019, which might be due to the
longer revisit time (due to the unavailability of Sentinel-1A in
this orbit for that particular year), and hence a reduced sample
for model fitting and correlation evaluation. In contrast,
WATCOR achieved higher correlation values for 103ASC in
2018 (revisit time 6 to 12 days); and 2020 (6 days). Image
acquisition in descending orbits was at early morning hours
where dew was often present, which could affect backscatter
[76] and its correlation with SM. WATCOR specially succeed
at improving the correlation for irrigated fields compared with
rain-fed ones, although it is not easy to grasp why.

Exploring the scatterplots of Figure 10(a-e), it can be
observed that the original time series (a) had many low
backscatter values (<-15dB) regardless of the SM value of that
moment. All the vegetation corrections applied were successful
at reducing this effect. Overall, the y°-SM correlation values
always increased when a vegetation correction was applied,
which confirms the necessity for correcting backscatter
observations before attempting to retrieve SM over wheat
fields.
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Concerning the Aj® and ASM correlation, it appeared that all
the explored casuistry achieved similar general results. The
scatterplots in figure 10(f-j) showed a similar behavior and
correlation values in figure 9b (~0.51) showed no
improvements after vegetation correction. Therefore, these
results suggest that vegetation correction might not be
necessary when applying SM retrieval methods based on
change detection techniques (e.g., [63]), at least if the temporal
resolution is ~6 days

These results indicate that WATCOR can be useful for
correcting wheat attenuation at C-band VV backscatter time
series (e.g., Sentinel-1), before SM is retrieved with methods
designed for bare soil conditions [77], [78]. The method
proposed is based on sound time series analysis techniques like
time series smoothing and changing point identification. Time
series smoothing has been previously applied for a plethora of
remote sensing applications that rely on multitemporal
observations, such as crop phenology monitoring [79], [80],
reconstruction of missing data [56], land-cover classification
[81] or for obtaining high quality vegetation descriptors for
climate modelling [82]. The results obtained might change if
the parameters of the S-G filter were different. In this study,
these parameters were selected through visual interpretation.
Yet, in future studies, it would be interesting to devise an
objective criterion for their selection, e.g. through cal/val
schemes using additional ground truth SM datasets.

WATCOR assumes that the effect of wheat in VV
backscatter is a smooth, low frequency trend, and its application
requires little user intervention. It is simple, does not require
external data and the results obtained even overpassed the
WCM. Furthermore, unlike the WCM, WATCOR does not
require any model parameterization. The only input required is
the specification of approximate beginning and end dates of the
attenuation period, and therefore, a previous knowledge of the
study area regarding the phenological development of wheat.

Therefore, the approach can be easily implemented in
automatized pipelines, as a preprocessing step before SM
estimation is attempted However, WATCOR relies on the
whole backscatter time series, and in its present form cannot be
applied in real-time. Further research is needed to improve this.
The underlying idea of WATCOR, i.e., to extract a low-
frequency trend that is later subtracted from the original
backscatter time series, could be transferred to other types of
crops. However, this would require specific adaptations
depending on the particular backscatter behavior of each crop.
Furthermore, additional research is recommended to test the
applicability of WATCOR at other microwave bands, as the
signal penetration into the vegetation canopy is different.

V. CONCLUSION

In this paper, the backscatter behavior of wheat for C-band
VV polarization was analyzed as a pre-requisite for the
development of a methodology for correcting the attenuation
from vegetation. A large dataset containing EU CAP
declarations from farmers of four agricultural campaigns in a
region (Navarre) with a high diversity of agro-climatic
conditions was used. The performance of the new correction
was evaluated with an analysis of the correlation between
backscatter and volumetric soil moisture. The correlation was
compared to WCM corrections based on optical and radar
vegetation descriptors.

The results revealed that wheat time series had a typical
seasonal trend, independent from soil moisture variations, with
wheat plants mainly attenuating V'V polarized backscatter from
phenological stage BBCH21 until harvest. The behavior was
identical for different agro-climatic regions, with only some
differences in the amplitude of attenuation. Using standard
techniques of time series smoothing and changing point
detection, it was possible to identify the start and end of the
attenuation period, where the proposed method, WATCOR,
was applied.



The corrected time series showed that WATCOR could
effectively remove the attenuation pattern, while the time series
obtained with WCM still presented a certain degree of
attenuation. After correcting the vegetation effect, correlations
between backscatter and soil moisture improved in all cases,
with  WATCOR obtaining the best general performance.
Looking at results in detail, it appeared that the temporal
resolution of the time series affected the results, with poorer
results being observed for ASC103 pass in 2019, where revisit
time was 12 days.

Overall, WATCOR provided good results and might be an
alternative to other vegetation correction methods for wheat.
The method does not account for the direct backscatter
contribution of vegetation, contrary to the WCM, but the results
suggest that this effect might be neglected in wheat, at least at
C-band and VV polarization. The main advantage of the
method proposed is that it does not require external information
or any model parametrization. It only needs an approximate
prior knowledge on the period where attenuation is likely to
occur in a specific region or site. However, it relies on the whole
time series of radar backscatter, making it difficult to correct
the attenuation in real-time In the near future, the application of
this method for soil moisture estimation techniques should be
evaluated.
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