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Abstract

Radar data at C-band has shown great potential for the monitoring of soil and canopy hydric
conditions of wheat crops. In this study, the C-band Sentinel-1 time series including the
backscattering coefficients o° at VV and VH polarization, the polarization ratio (PR) and the
interferometric coherence p are first analyzed with the support of experimental data
gathered on three plots of irrigated winter wheat located in the Haouz plain in the center of
Morocco covering five growing seasons. The results showed that p and PR are tightly related
to the canopy development. p is also sensitive to soil preparation. By contrast, 6® was found
to be widely linked to changes in surface soil moisture (SSM) during the first growth stages
when Leaf Area Index remains moderate (<1.5 m%/m?2). In addition, drastic changes in the
crop geometry associated to heading had a strong impact on the C-band ¢°, in particular for
VH polarization. The coupled water cloud and Oh models (WCM) were then calibrated and
validated on the study sites. The comparison between the predicted and observed ¢°
yielded a root mean square error (RMSE) values ranging from 1.50 dB to 2.02 dB for VV and
between 1.74 dB to 2.52 dB for VH with significant differences occurring in the second part
of the season after heading. Finally, new approaches based on the inversion of the WCM for
SSM retrieval over wheat fields were proposed using Sentinel-1 radar data only. To this
objective, the dry above-ground biomass (AGB) and the vegetation water content (VWC)
were retrieved from the interferometric coherence and the PR. The relationships were then
used as the vegetation descriptor in the WCM. The best retrieval results were obtained using
the relationship between py, and the AGB (R and RMSE of 0.82, 0.05 m3m3 respectively and
no bias). The new retrieval approaches were then applied to a large database covering a
rainfed field in Morocco and 18 plots of rainfed and irrigated wheat of the Kairouan plain

(Tunisia) and compared to other classical techniques of SSM retrieval including simple linear



56

57

58

59

60

61

62

63

64

relationships between SSM and ¢°. The method based on the WCM and the py,-AGB
relationships also provided with slightly better results than the others on the validation
database (r=0.75, RMSE=0.06 m3/m3 and bias=0.01 m3/m?3 over the 18 plots of Tunisia) but
the simple linear relationships performed also reasonably well (r=0.62, RMSE=0.07, bias=-
0.01 in Tunisia for instance). This study opens perspectives for high resolution soil moisture
mapping from Sentinel-1 data over south Mediterranean wheat crops and in fine, for
irrigation scheduling and retrieval through the assimilation of these new products in an

evapotranspiration model.
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Introduction

In the semi-arid regions where the water resources are very limited and where up to 90% of
the available water is used for irrigation, surface soil moisture (SSM) is a key parameter for
crop water stress detection and for irrigation management. Wheat crop is of prime
importance as it represents the most cropped cereal in the world, and particularly in
Morocco where 75% of the useful agricultural area are dedicated to wheat (Ministre de
I'agriculture et peche maritime du develpement rurale et des eaux et forets, 2018). Several
global soil moisture products exist nowadays. They are derived from microwave remote
sensing including active sensors such as: scatterometers (Naeimi et al., 2009; Wagner et al.,
1999) or radiometers like the Soil Moisture and Ocean Salinity mission -SMOS- (Kerr et al.,
2001) or the Advanced Microwave Scanning Radiometer -AMSR- (Njoku, 2004). The potential
of microwave data in this context originates from their high sensitivity to changes of surface
parameters including the SSM, the soil roughness, the above ground biomass (AGB) and the
canopy geometry. In addition, microwave signal at these wavelengths is not prone to
atmospheric perturbation which is a major advantage with regards to optical data. However,
soil moisture products derived from scatterometers or microwave radiometers suffers from
a coarse spatial resolution above 10 km? not suited for a fine monitoring of crops at the field
scale. By contrast, SAR (Synthetic Aperture Radar) observations are acquired with a pixel of
around 10 m but the use of such data to monitor operationally soil moisture was still limited
until the recent launch of the Sentinel-1 constellation that opened new perspectives for the
monitoring of crops at the field scale by providing high resolution (10 m) data with revisit

time of about 6 days at C-band (Torres et al., 2012).

The numerous theoretical and experimental studies carried out during the 80s and the 90s

demonstrated the richness of information contained in the C-band signal but also the

4
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complexity of interpreting the time series. Indeed, for annual crops like wheat, contributions
to the signal from the soil and from the vegetation are merged and are changing quickly. The
co-polarizated (HH and VV) backscatter coefficient are usually preferred for soil moisture
retrieval (Bai et al., 2017; Gherboudj et al., 2011; Zribi et al., 2011) while some studies
revealed that the cross-polarized (VH and HV) data was better suited for vegetation
monitoring including both classification and biomass retrieval (Hosseini and McNairn, 2017).

Indeed, over bare soils, the backscattering coefficient ¢°

is affected by the dielectric
properties of the superficial layer of the soil mainly governed by SSM, and, to a lesser extent,
soil texture (Dobson and Ulabz, 1981; Ulaby et al., 1986) and by the soil roughness
(Ferrazzoli et al., 1992; Ulaby et al., 1978; Zribi and Baghdadi, 2015). Considering the
sensitivity to SSM, several retrieval algorithms based on C-band data have been developed
on bare soils. They were empirically based taking advantage of the linear relationships
between ¢° and SSM (Amazirh et al., 2018; Griffiths and Wooding, 1996; Moran et al., 1997;
Sano et al., 1998; Zribi et al., 2003; Zribi and Dechambre, 2002) or they relied on the
inversion of a soil backscattering model (Baghdadi et al., 2008; Bertuzzi et al., 1992; Bindlish
and Barros, 2000; Ezzahar et al., 2020; Walker et al., 2004). For vegetated surface, the signal
at C-band is a complex mix of a soil contribution attenuated by the canopy, of the volume
scattering within the canopy and of the interactions between soil and vegetation (Ulaby et
al., 1986). In order to separate soil and vegetation contributions, the retrieval of SSM over
vegetated terrain is thus usually carried out using a model predicting the interaction
between the electromagnetic wave and the different surface elements. Within this context,
several backscattering models were developed (Attema and Ulaby, 1978; Karam et al., 1995,

1993, 1992; Picard and Toan, 2002; Ulaby et al., 1990) with the aim to get a better

understanding of the response of vegetation and soils and to be used within an inversion
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process (Balenzano et al., 2011; Brisco et al., 1990; Mattia et al., 2003; Picard et al., 2003).
Among backscattering models of various complexity, the semi-empirical water cloud model
(WCM) (Attema and Ulaby, 1978) based on the first order solution of the radiative transfer
equations has been extensively used as it represents a good trade-off between domain of
validity and model complexity as response of the vegetation canopy is parameterized thanks
to two parameters only. Coupled to a soil backscattering model, it has been widely used for
SSM and biophysical parameters retrieval especially for crops such as wheat (Baghdadi et al.,
2017; Bai et al., 2017; Bindlish and Barros, 2001; Bousbih et al., 2017; El Hajj et al., 2016;
Gherboudj et al., 2011; Hosseini and McNairn, 2017; Periasamy, 2018; Taconet et al., 1994;
Ulaby et al., 1984; Wang et al., 2018; Zribi et al., 2011). To describe vegetation development
within the water cloud model, several variables have been proposed. Most of published
studies used preferentially Vegetation Water Content (Attema and Ulaby, 1978; Bindlish and
Barros, 2001; Wang et al., 2018) but Prevot et al. (1993) argued that there is no general
theoretical framework to define the best set of canopy descriptors in the WCM because the
complexity of the vegetation’s structure and of the relative simplicity of the model. Within
this context, a few authors proposed different descriptors: plant height (Kumar et al., 2015),
HV backscattering coefficient (Li and Wang, 2018), polarization ratio (Dabrowska-Zielinska et
al., 2018), Radar Vegetation Index (Li and Wang, 2018) or LAl (Leaf Area Index) (Bai et al.,
2017; El Hajj et al., 2016; Kumar et al., 2014; Prevot et al., 1993). With the recent launch of
Sentinel-2, a lot of recent studies used optical-derived descriptors such as NDVI (Normalized
difference vegetation index) (Baghdadi et al., 2017; Bousbih et al., 2017; El Hajj et al., 2016)
that is related to vegetation greenness. Nevertheless, a severe lack of observations may
occur in case of a persistent cloud cover which is very likely when wheat is cropped during

the rainy season such as in the South Mediterranean region.
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The radar interferometric coherence is defined as the variance of the interferometric phase,
which is related to the path length between the satellite antenna and the ground target. It is
related to the amount of coherent and incoherent scattering. Beside the system noise, the
coherence decreases with increasing volume scattering, because of target changes between
two successive radar acquisitions or because of the natural motion of the scatterers (Zebker
and Villasenor, 1992). State differently, volume scattering and arbitrary dislocation of
scatterers in the vegetation canopy reduce the coherence. Even if dry fields exhibit lower
interferometric coherence than wet fields (Blaes and Defourny, 2003; Nesti et al., 1998), the
interferometric coherence is relatively insensitive to soil effects considering that surface
roughness of crops does not change significantly between seeding and harvest. Wegmuller
and Werner (1997) found a strong correlation between the interferometric coherence and
the cover fraction opening perspectives for crop height and biomass estimation. Strong
relationships have been established between interferometric coherence at C-band and crop
height for some agricultural crops (winter wheat, potato, sugar beet...) at the beginning of
the growing season (Blaes and Defourny, 2003; Engdahl et al., 2001). Likewise, the ratio
HH/VV was also shown to be related to aboveground biomass during the growing season,
especially at 40° of incidence (Mattia et al., 2003). Since this ratio was not available in the
Sentinel-1 IW acquisition mode, Veloso et al. (2017) used the VH/VV backscattering ratio as a
solution that can reduce the vegetation-ground interaction effect as well as the errors
associated to the acquisition. VH/VV appears more stable in time than VH or VV and more
sensitive to the wheat growth cycle. Furthermore, it was correlated to the fresh biomass and
able to discriminate cereals from non-cereals surface dominated crops (Mattia et al., 2015;

Veloso et al., 2017).
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This study presents a new SSM retrieval approach based on Sentinel-1 data only to describe
the vegetation contribution in the WCM. The approach is developed on two monitored
irrigated wheat fields located in Morocco and evaluated on a large database covering 20
rainfed and irrigated plots in Morocco and Tunisia. The next section describes the satellite
and the in situ measurements, the backscattering models and the retrieval algorithm.
Results are presented in section 3 including the experimental analysis of Sentinel-1 time
series, the forward modeling of the backscattering coefficient and the SSM retrieval. In

section 4, the main conclusions and perspectives are drawn.
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1. Experimental data and Methodology

1.1. Experimental data

The SSM retrieval approaches were developed on three irrigated wheat plots located near
Chichaoua city that were intensively monitored during two crop seasons. A database of soil
moisture measurements on rainfed and irrigated wheat in Morocco and Tunisia described in

section 1.1.3 was gathered to validate the approach.

1.1.1. Study area description

The study site is located in the province of Chichaoua at 65 Km west of Marrakech city in the
Haouz plain center of Morocco (Fig. 1). The region is characterized by a semi-arid
Mediterranean climate. The annual average precipitation amount is about 250 mm (Ait
Hssaine et al., 2018; Rafi et al., 2019). The monthly average of rainfall distribution measured
at Chichaoua shows the existence of two characteristic periods: a wet season from October
to April (85-89% of the annual amount) and a dry season from May to September (11- 15%).
The average maximum temperature occurs in July-August (27.2°C) while the minimum
(10.8°C) is in January. The reference evapotranspiration ETg is about 1600 mm (Jarlan et al.,
2015).

Two fields, named Field 1 and Field 2 (Fig. 1), of about 1.5 ha each, were selected within a
private farm named “Domaine Rafi” and monitored during two crop seasons from November
2016 to July 2018. Soil texture is mainly clay (37.5%) and sand (32.5%). Field 1 and Field 2
were seeded with winter wheat on November, 27, 2016 and November, 25, 2017 for 2016-
2017 and 2017-2018 crop seasons, respectively. Harvest occurred on May, 16, 2017 and
June, 08, 2018. The irrigation method used is the drip technique with a flow rate of 7.14

mm/hour for each dripper. Field 2 was irrigated according to FAO recommendations while

9
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Field 1 suffered from a triggered stress for the need of another research study (Ait Hssaine
et al., 2018; Rafi et al., 2019). After harvest, the fields were used as cattle grazing up to mid-
July when the plowing works started. Please note that wheat growth on Field 2 during the
2017-2018 growing season was severely affected by very specific growing conditions: (1)
very invasive adventices with a strong horizontal development (cf picture S1 in the
supplementary material). The adventices species belong to the family of wild thistles that is
not very widespread on wheat fields in the South Mediterranean area (Tanji, 2005). Some
part of the field were almost completely covered around vegetation peak; (2) Field 2 during
the second year was more exposed to wind than Field 1 because the density of seeding was
much higher and because a mix of wheat and barley were seeded by mistake. Barley is
characterized by longer stems than wheat that grown up to 146 cm on April 2018 thanks to
irrigation. By contrast, the height of stems on Field 1 seeded with pure wheat, only reached
110 cm. Stems were almost completely laid down by the wind from April 12, 2018 (see
picture S2) on Field 2. Considering these very specific growing conditions of Field 2 during
the 2" year, a third field named Field 3 (Fig. 1), was also instrumented during 2018-2019 to
extent the validation database under normal growing conditions. It was seeded on
November 4, 2018 and harvested on June 06, 2019. Field 3 has the same soil as Field 1 and 2

and is also watered by drip irrigation.

10
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Fig. 1. Location of the study sites: Field 1 (stressed), Field 2 (reference) and Field 3 drip-irrigated wheat crops near
Chichaoua city in a private farm (“Domaine Rafi”), west of Marrakech, Haouz plain, center of Morocco.

1.1.2. Field data description

Vegetation and soil measurements were collected according to the Sentinel-1 passage

schedule. The days corresponding to precipitation events were discarded.

Soil measurements

Automatic measurements of SSM were acquired at a 30 min time step from Time Domain

Reflectometry sensors (TDR Campbell Scientific CS616) buried at a depth of 5 cm. In order

to get a measurement representative of the Sentinel-1 pixel, the soil moisture observations

were taken as the average of two sensors data that were installed between and under the

drippers. The gravimetric technique was used to calibrate the TDR measurements.

Measurements were carried out, over Field 1 and Field 2, for five days in order to cover a
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wide range of soil moisture values (0.08 to 0.33 m3/m3). Three samples were collected per
day and per field at the TDR installation depth using a 392.5 cm? aluminum core. A linear
regression was established between the volumetric water content and the square root of
the TDR time response. The corresponding RMSEs (all the statistical metrics used in this
study are described in the supplementary material) over Field 1 and Field 2 are 0.023 m3/m3

and 0.010 m3/m3, respectively. The same relationship was applied to Field 3 data.

Soil roughness corresponds to micro-topographic variations of the soil surface. It was
measured once a week during the first stages of wheat development until the canopy
prevented from making the measurement (corresponding to a canopy fraction cover of
about 0.8). A pin profiler of 1 m length with 2 cm between two successive needles was used.
For Field 1 and Field 2, sixteen samples at different places were taken per field including
eight measurements made parallel to the row and eight perpendicular in order to take into
account the effect of the rows direction (Sieber et al., 1982). A picture of the pin profile was
taken for each sample and processed using an algorithm based on the normalization of the
needles height. For each roughness profile, two statistical parameters used as inputs of the
backscattering soil models were derived from the correlation functions of the heights of the
surface profiles: the root mean square surface height (h,,,s) and the correlation length (L)
(Nolin et al., 2005). For each date and each field, an average of h,.,,,s and L is computed from
the 16 sample estimates. h,,,s and L values ranged from 0.7 to 1.5 cm and 4.8 to 7.3 cm,
respectively. A preliminary analysis of the time series of h,,,; and L values show that the
values are quite similar for measurements parallel and perpendicular to the row apart from
the beginning of the season when rows are still clearly visible because of the sowing (not
shown). This anisotropy disappeared quickly with irrigation and plant growth. The average of
h,ms and L for all the measurements in each direction are reported in Table 1. The values are

12
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of the same order of magnitude for Field 2 while a slight difference is observed for Field 1.

For reasons of simplicity, the surface roughness is considered isotropic in this study.

Table 1
h,.n.s and L average values for measurements parallel and perpendicular to the row over Field 1 and Field 2.

Field 1 Field 2

Parallel Perpendicular Parallel Perpendicular

hyms(ecm) [L(cm) | Ay (cm) [L(cm) | Appg (cm) | L(cm) | Apppg(cm) [ L(cm)

Average |0.95 5.20 1.26 6.53 1.15 5.82 1.16 6.17

Wheat measurements

In the presence of vegetation canopy, the microwave backscattering is significantly related
to vegetation’s parameters such as biomass, plant water content and geometry (Ferrazzoli et
al.,, 1992; Ulaby et al., 1986). Destructive above-ground biomass (AGB) measurements were
conducted about every 15 days. Plant sampling was conducted in eight quadrates
(0.25m*0.25m) selected randomly in each field. The AGB is weighted first in the field
(hereafter named fresh above ground biomass or FAGB). The samples were then dried in an
oven at 105°C for 48 h. The weighted samples after drying are used to compute the AGB
expressed in kg of dry matter by m2. The difference between wet and dry samples is the
vegetation water content (VWC). The canopy fraction cover (Fc) and the leaf area index (LAI)
were calculated by processing eleven hemispherical digital images per field, taken every
week at various representative points and by computing the average of individual pictures.

The canopy height was also measured by averaging eleven measurements per field.

Meteorological data

A complete automatic weather station installed over an alfalfa field near the study site

provided continuous measurements of meteorological forcing, including air temperature and
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rainfall. The data were collected half-hourly, the temperature values were averaged at a
daily time step and the precipitation measurements were summed up to obtain daily

amounts.

1.1.3. Validation database

SSM measurements using TDR and hand-held thetaprobe were carried out on different
wheat sites in Morocco and Tunisia, respectively. This database is used for the validation of
the retrieval approach presented in this study. Data were collected from: i) one rainfed
wheat located about 40 km east of Marrakech near the city of Sidi Rahal (hereafter named
“Sidi Rahal”) during two growing seasons (2016-2017 and 2017-2018; (Amazirh et al., 2018;
Ezzahar et al., 2020); ii) 18 plots located in the Kairouan plain in Tunisia during the 2016-
2017 growing season (Boushih et al., 2017). General information about all plots is provided
in Table 2. Over the Moroccan field, measurements are taken every 30 min thanks to the
TDR probes while 20 thetaprobe samples are averaged per field for the Tunisian plots at the
time of the Sentinel-1 overpass (between 30 min before and 2h after for the ascending and
descending orbits, respectively). Please note that it is expected that the validation database
covers a large variability of wheat crop conditions representative of the south
Mediterranean area. Indeed, it covers rainfed and irrigated fields with different technique
(sprinkler); owners are different, in particular for the 18 fields in Tunisia. Consequently, the
agricultural practices differ depending on the experience of the farmer. “Domaine Rafi”
fields are well managed in terms of irrigation as the farmer follows the FAO-56
recommendation (Allen et al., 1998) while irrigated fields in Tunisia belong to different
smallholders farmers whose irrigation scheduling may be more empirical by lack of objective

scientific information. Likewise, nutrient inputs are used on irrigated fields of “Domaine
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Rafi” while no inputs are applied to rainfed fields. The soil in Tunisia covered also a large
variability of texture (Bousbih et al., 2019). For Morocco, the soil at “Domaine Rafi’’ is loamy-
clay (37.5% clay, 32.5% sand) while it is mainly clay (47.5% clay, 18.5% sand) on the rainfed
field “Sidi Rahal”. For the latter field, contrasted annual amount of rainfall are observed for
the two crops season (204.2 mm from November to May in 2016-2017 versus 408.8 mm in

2017-2018). Finally, the range of SSM for all data extended from 4 to 50%.

Table 2
General information about the validation sites over Morocco and Tunisia.

Crop's type | Number of plots | Irrigation system | h,.,,s (cm) | SSM (m3/m3)
Sidi Rahal 1 Rainfed 0.95 0.04-0.39
Winter wheat 6 Rainfed
Kairouan 0.7-1.5 0.05-0.5
12 Sprinkler

1.1.4. Satellite data description

1.1.4.1. Sentinel-1 radar data

Sentinel-1 (S1) is an earth observation constellation with two satellites, S1A and S1B, that
were launched by the European Space Agency (ESA) in April 2014 and 2016, respectively.
The two satellites carry a synthetic aperture radar, operating at C-band and provide a revisit
time of six days (Torres et al., 2012). The main operational imaging mode over land surfaces
is the Interferometric Wide-swath mode (IW) realizing acquisitions in VV and VH
polarizations with a 250 km wide swath, and high azimuth (20 m) and ground range (5 m)
resolutions (Mission and Services, 2012). Across the swath, the incidence angle ranges
between 31° and 46°. Level 1 products can be directly downloaded from the Sentinel-1 Data

Hub website (https://scihub.copernicus.eu/). Two products types were used in this work:

GRDH (Ground Range Detected High resolution) for backscattering coefficient and SLC

15



312  (Single Look Complex) for computing interferometric coherence. Table 3 summarizes all the
313  images used within this study.
314 Table 3
315 Characteristics of the sentinel-1 data on the calibration and validation sites.
. Relative Orbit Incidence Relative Overpass Number of
Site Season . . Product .
Number angle Orbit time images
i i GRD 207
Fleld 1& 1 5 tober 2016 - July 2018 |  118&52 | 45,6° & 35,2° | A5°eNding & | 10 55 ¢ 06:30
Field 2 Descending SLC 219
Fielg3 | November2018-Mai | 100 o) | 45608 35,00 |ASCNdNE & 1050 5 0630 | ORP 65
2019 Descending SLC 65
November 2016-June
Sidi Rahal | 2017 &November 2017- 154 40° Descending 06:28 GRD 61
June 2018 SLC 60
Kairouan | 'ovember 2016- April 88 & 95 39,5°.40° |ASCeNding& 008 05:21 | ORP 14
2017 Descending SLC 14
316
317 GRD products processing: the backscattering coefficient
318 GRD images product were processed using the Orfeo ToolBox (OTB) (CNES, 2018) at the
319  original 10 m resolution to obtain the backscattering coefficients . Three processing steps
320 were applied: i) Thermal noise removal; ii) Calibration (Miranda et al., 2015); iii) Terrain
321  correction (Small, 2011) using the DEM SRTM (Shuttle Radar Topography Mission) at 30 m
322  resolution according to the method described in Small and Schubert (2008). In order to
323  minimize speckle effects, a simple spatial average is performed at the field scale. For
324 instance, the ¢? of Field 1 and Field 2 are average values computed from 120 and 121 pixels,
325 respectively. The standard deviation is also computed for each field and each acquisition
326  time. Finally, the polarization ratio 63 /0y (PR) is computed.
327
328  SLC products processing: the interferometric coherence
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Sentinel-1 Level 1 SLC products provide data in slant-range geometry and contain phase and
amplitude information. The interferometric coherence was calculated from two consecutive
acquisitions of the same orbit (i.e. 6 days with S1A and S1B) by cross multiplying pixel by
pixel the first SAR image with the complex conjugate of the second (Bamler and Hartl, 1998;
Touzi et al., 1999) for a given local neighborhood (in this study, 3*15 was used in order to
get a square pixel).

The amplitude |p|, named coherence, ranges between 0 (incoherence) and 1 (perfect
coherence). It characterizes the stability of the scatterers at the scale of the wavelength
within the same cell. The coherence decreases when changes of scatterers geometrical
properties (position, orientation, ...) occur. Consequently, it is expected to be low in the case
of dense vegetation and strong on bare rocky soils. Over vegetation, the random dislocation
of scatterers because of weather (wind and rain) or because of the plants growth is the main

cause of the temporal decorrelation.

The Sentinel application platform SNAP was used to calculate the coherence in 5 steps: (1)
The “Apply-Orbit-file” module for a better estimation of the position and speed of the
satellite; (2) the two images were co-registered (“Back-geocoding”) using the orbital data
and the DEM SRTM; (3) The “Coherence” module was applied (4) the bursts (black band in
the SLC products) were deleted by applying the “TOPSAR-Deburst” module; (5) finally,
“Terrain-Correction” was used to project the images on the earth surface using the SRTM

DEM.

1.1.4.2. Sentinel-2 optical data
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ESA's optical Sentinel-2 satellites S2A and S2B were also launched on June 2015 and March
2017, respectively. Sentinel-2 provides images every 5 days for 13 spectral bands at a
resolution ranging from 10 to 60 m according to the spectral band. Level 2A images were
processed and provided by the National Centre for Space Studies (CNES) through the PEPS

platform free of charge within the frame of THEIA (https://theia.cnes.fr/). Data were

corrected from atmospheric effects using the MAJA processor designed at CESBIO (Hagolle
et al., 2015). 10 of the 17 images (S2A) were cloud-free for the first agricultural season
(November 2016 to May 2017) while 25 products were retained among 33 available for the
second season (November 2017 to June 2018) on the two fields (Field 1 and Field 2) of
“Domaine Rafi”. The NDVI was computed from individual bands 4 and 8 and averaged over

each field. Standard deviation of NDVI for each field and each date is also computed.

1.2. Backscatter modeling

In order to deepen our understanding of the signal, and for the SSM retrieval, a modeling
approach was implemented. Semi-empirical and empirical approaches were preferred here
to complex physically based models such as Karam et al. (Karam et al., 1992) or MIMICS
(Ulaby et al., 1990) as their use within an inversion scheme is still difficult because of their
complexity and their large number of input parameters. Within this study, the simple semi-
empirical water cloud model (Attema and Ulaby, 1978) representing the vegetation canopy
as a cloud of identical water droplets for vegetation backscattering coupled to the empirical
Oh et al. (1992) model for the underlying soil was chosen. A short description of the models
is provided in the appendix 1. The coupled models hereafter called WCM links the

backscattering coefficient to the two empirical parameters A, and B,, (Equ. A8 and A9)
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and a vegetation descriptor for the WCM and the standard deviation of the surface height

hyms and the SSM for Oh et al.

1.3. Surface soil moisture retrieval

Several approaches based on the inversion of the water cloud model for SSM retrieval have
been already proposed using different vegetation descriptor: VWC (Attema and Ulaby, 1978;
Bindlish and Barros, 2001; Wang et al., 2018), AGB (Hosseini and McNairn, 2017), LAl (Bai et
al.,, 2017; Kumar et al., 2014; Prevot et al., 1993) or NDVI (Baghdadi et al., 2017; Bousbih et
al., 2017; El Hajj et al., 2016). In this study, a new approach is proposed based on the
interferometric coherence that has already been shown to be tightly related to vegetation
characteristic (Blaes and Defourny, 2003; Engdahl et al., 2001; Wegmuller and Werner,

1997).

As a preliminary step, a relation was first sought between Sentinel-1 variables and in situ
measurements of vegetation characteristics (VWC and AGB). The WCM was calibrated on
the two irrigated wheat fields (cf. section 2.2) of “Domaine Rafi” (Field 1 and Field 2) using
the measured vegetation characteristics, soil roughness and SSM. The calibration was
repeated twice using AGB and VWC. Then, for the retrieval of SSM, the relationships
between interferometric coherence and vegetation characteristics were used as input of the
calibrated WCM providing with two different inversion approaches called WCM,_,¢g and
WCM,,_ywc. SSM time series were retrieved by minimizing the distance between observed
and predicted backscattering coefficient for each Sentinel-1 acquisition. VV and VH
polarizations were tested. The minimization was carried out using a simple “brute-force”
approach (Jarlan et al., 2002) consisting in exploring all SSM values from 0 to 0.5 m3/m3 with

a step of 0.0005 m3/m3. SSM time series retrieval is repeated for different soil roughness.
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After soughing and until the next soil work occurring after harvest, it is assumed that the soil
roughness of wheat crops doesn’t change. The measurements carried out on the two
irrigated wheat fields show that the variation of the h,,,s parameter around its average
value reached 17% for Field 1 in 2016-2017 but remained below 10% for Field 2 and the
other seasons. In addition, it is also assumed that h,,,,s variability from one field to another is
small considering also the period from sowing to harvest. Within this context, a constant
h,ms is sought for the whole crop season with h,.,s values varying from 0.7 cm to 1.5 cm
with a step of 0.05 cm. The range of h,.,,s has been determined from the in situ database and
from a literature review (Balenzano et al., 2011; Bousbih et al., 2017; Mattia et al., 2003;
Picard et al., 2003; Wang et al., 2018; Zribi et al., 2011). The average of all the retrieved SSM
time series is then kept as the solution to the inverse problem. Please note that a constant
value of 1 cm was first used. Keeping the average of SSM time series corresponding to
different values of soil roughness provided with slightly lower biases (not shown) than with

the unique h,,s value of 1 cm.

As a significant additional processing and storage are needed to derive Sentinel-1 coherence,
the added-value of using the interferometric coherence is evaluated by comparison to the
same approach but based on the PR as it is also well known to be related to vegetation
development (Greifeneder et al., 2018; Paloscia et al., 2013; Veloso et al., 2017). The two
approaches based on the relationships between PR and vegetation characteristics are
named WCMpgr_agg and WCMpgr_ywe- In these configurations, SSM over wheat crops could
be retrieved based on Sentinel-1 data only: the backscattering coefficient and the
interferometric coherence or the PR. Finally, three more classical methods for SSM retrieval
composed of two empirical approaches and one based on WCM are also implemented for

comparison purposes :
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- Empirical approaches: (1) A linear relationship between the backscattering
coefficient (at VV, a3y, or VH, o9, polarization) and SSM (Holah et al., 2005; Le
Hégarat-Mascle et al., 2002; Le Morvan et al., 2008; Ulaby et al., 1982); (2) A
linear relationship between the relative difference of backscattering coefficient
between two successive acquisitions (Ac®) of the same orbit and the
corresponding difference of SSM (ASSM) as proposed by Balenzano et al. (2011).
It has been proposed as an alternative method less sensitive to change of soil
roughness that may occurs during the season. Please note that for the latter
method, the SSM at the start of the crop season SSM;, must be obtained as only
relative changes of SSM between successive acquisitions are retrieved. In this
study, as the method is only implemented for comparison purpose, SSM,, is taken
from the in situ measurements. The retrieval of SSM, when no measurements

are available may increase the uncertainties of the SSM retrieval.

- WCM based approach: The NDVI is used directly as the vegetation descriptor as in
numerous previous works (Baghdadi et al., 2017; Boushih et al., 2017; El Hajj et

al., 2016) and the method is named WCMypy;-

The inputs, outputs and the parameters to be calibrated prior to the inversion process for
each method are provided at Table 4. The number of algorithmic parameters to be
calibrated differs significantly and ranges from 2 (¢°, Ac® and WCMypy,) to 5 (approaches
based on the WCM and radar observations). This means that the methods based on the PR
or the interferometric coherence require additional in situ measurements of the vegetation

characteristics by contrast with the other approaches relying on SSM data only.
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For the seven methods, the data of the first season (2016-2017) over both Field 1 and Field
2 were used for calibration meaning that, for the empirical approaches, a linear relationship
between ¢° (or Ag®) and SSM (or ASSM) is sought for the first year of data. For the WCM
based methods, the first year of data is used to calibrate: (1) the A,, and B, coefficients of
the WCM model by minimizing the RMSE between the predicted and the observed
backscattering coefficient; (2) the empirical parameters of the relationships between
coherence or PR and the vegetation characteristics. 4,, and B,,, parameters were estimated
separately for each radar polarization following Baghdadi et al. (2017) and Hosseini and
McNairn (2017). The second year (2017-2018) on Field 1 and 2, field 3 data and the
validation database are used for validation. Please note that it was decided to keep the data
from the 2" season of Field 2 for the method evaluation when wheat faces very adverse

growing conditions as already described.

Table 4
Input, output and number of parameters to be calibrated for each methods.

Method Inputs Outputs Calibrated parameters
a® a® SSM a and b / 6°=f(SSM)
Ac® a® ASSM a and b / Ac®=f (ASSM)
WCMypy; a®, NDVI SSM Aand B/ WCM
wcm 0 PR SSM Aand B/ WCM
_ a’,
PR-AGE a, b and ¢ / AGB=f (PR)
WCM 0, PR SSM Aand B /WM
_ a’,
PR-VWC a, b and ¢ / VWC=f (PR)
weM . s Aand B/ WCM
—AGB o, M
P P a, b and ¢ / AGB=f (p)
WCMp—VWC 0'0, P SSM AandB / WCM
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“ a, b and ¢/ VWC=f (p)

2. Results and discussions

The first section is dedicated to the Sentinel-1 products interpretation based on the field
measurements and knowledge database. The second section is devoted to the WCM
calibration and to the direct predictions of the backscattering coefficient. Finally, the third

section deals with the SSM inversion.

2.1. Analysis of experimental data

2.1.1. Time series interpretation

Fig. 2 displays the time series of the radar responses for orbit 52 at 35.2° incidence angle, the
vegetation index from Sentinel-2 and in situ measurements for interpretation purposes
during crop seasons 2016-2017 and 2017-2018 on Field 1. The timing of the drastic drop of
VWC at the end of the season is superimposed on the time series of the interferometric
coherence and of the backscattering coefficients for interpretation purpose (vertical blue
line). The Fig. 3 displays the same information as Fig. 2 but for orbit 118 at 45.6° of incidence
angle for Field 2. The same figures but at 35.2° for Field 2 and at 45.6° for Field 1 are

provided as supplementary materials (Fig. S3 and S4).
Vegetation descriptors

Cross correlations of AGB, FAGB and VWC before and after vegetation peak are provided at
Table T1 (supplementary material). NDVI and LAl exhibit a close seasonal course (Fig. 2 and
3) with almost similar peak timing. Likewise, FAGB and VWC are in-line (correlation
coefficients before or after peak are always above 0.97; Table T1) but with maximum values

reached around 50 days later than NDVI and LAI. By contrast, AGB (corresponding to green
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and dead vegetation tissues expressed in kg dry matter/m?) is highly correlated with VWC
during the first part of the season (correlation coefficients of 0.73 and 0.81 for Field 1 and 2,
respectively) but the correlation coefficients drastically drop after the vegetation peak (Table
T1) when stems and leaves start to dry. Total VWC being dominated by stems and leaves, it
drops earlier than AGB. For Field 1 in 2016-2017, high air temperature values in March lead
plants to stop the leaves development early and to start the grain filling stage. Relatively low
LAl values were observed at the end of March while FAGB and AGB continue to increase
afterwards and until mid-April. In terms of AGB amount, systematic higher values for Field 2
are observed because of the triggered water stress on Field 1 through sub-optimal irrigation
planning. Finally, observed differences of biomass between the two seasons are related to

differences in the density of seeds and to more wetter conditions for season 2017-2018.
Backscattering coefficients

Backscattering coefficients exhibit a clear seasonal signal. An increase is observed on oy,
from beginning of October until January. At this time, the signal is dominated by the quick
change of soil moisture while wheat fraction cover is still low. Afterwards, the backscattering
coefficient decreases with the attenuation of the soil contribution by the canopy while
wheat develops. A minimum backscatter is attained around the heading stage and the signal
increases again afterwards. Although this second increase is almost nonexistent for Field 1
at 35.2° of incidence angle (Fig. 2), it is clear for the other plots (Fig. 3, S3 and S4) and it
appears stronger for oy than for 6l and at 45.6° than at 35.2°. Please note that the long
plateau lasting until harvest during the second season on Field 2 is a typical behavior of a
crop developing a random canopy structure, which in turn produces a significant volume

scattering contribution. This is because of the specific growing conditions as already
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highlighted. Under normal growing conditions, several authors have attributed the second
increase to the appearance of the heads creating a wet layer at the top of the canopy (Ulaby
and Bush, 1976; Mattia et al., 2003; Ulaby et al., 1986) specifically for incidence angle above
40° (Brown et al., 2003). Indeed, as most of the vegetation tissues are still wet at this time,
the increase of backscatter cannot be attributed to an increase of the soil contribution in
response to vegetation drying as the drastic drop of VWC occurred later in the season (see
blue vertical lines in figures 2, 3, S1 and S2). The second cycle from the heading stage
appeared also stronger on o0, because volume diffusion process attributed to the head
layer triggers depolarization at this time (Picard et al., 2003; Balenzano et al., 2011). In
addition, maximum ¢y values are more related to AGB than o), showing the higher
sensitivity of cross polarization to vegetation elements. For instance, o¥,, values at peak are
higher on Field 2 than on Field 1 because of the triggered water stress that limited crop
development on Field 1 (see o9, time series at 45.6° on both fields during the first season as
Field 2 during the 2" season faced very adverse growing conditions). The final decrease lasts
until harvest with the drying of all the vegetation elements and of the soil. The drastic
increase noticed in VV and VH responses after July 11 (2016-2017 season) was concomitant
with a tilling work (vertical black lines). Likewise, the signal decreased on November 22 in

relation to the drop of surface roughness associated to soil preparation for seeding.
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Fig. 2. Time series of PR, 60y, 02y, pyy and pyy at 35.2° of incidence angle over the Field 1 and during two
agricultural seasons 2016-2017 and 2017-2018. Optical NDVI, measured LAl, measured VWC, FAGB and AGB
are plotted in the first subplot. Mean values are represented by solid lines and standard deviations by the filled
areas surrounding the curves. Rainfall, irrigation and SSM are displayed in the last subplot. Wheat phenological
stages and ground working events are superimposed. The drop of VWC at the end of the season is reported as a
blue vertical line on the time series of the polarization ratio and of the backscattering coefficients.

Polarization ratio

The PR appears to be more stable than the backscattering coefficient for both polarizations
VV and VH. The ratio follows the evolution of FAGB. It begins to increase with the increasing
of biomass from the emergence until the heading, and then, both of them start to decrease
until harvest. For example, in Field 1 (first season), PR increases by about 9 dB from
emergence to heading, and peaks at the same time as biomass around mid-April. This
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behavior confirms the results of previous studies (Veloso et al., 2017) and foster the use of

this ratio for crop monitoring.
Interferometric coherence

VV and VH coherence exhibit similar seasonal cycle. High values of coherence (around 0.9 for
VV polarization) are observed during the summer month until sowing. These high values
express a dominance of coherent scattering from stable bare soils. Coherence drastically
drops to about 0.15 in autumn at the time of tilling work carried out before sowing. It then
gradually recovers high values (about 0.7) until emergence when it starts a slow decrease
until about the extension of the stems to become almost constant (corresponding to the
noise level) afterwards. As for the backscattering coefficient, this average seasonal course is
disturbed by agricultural actions. The observed peak between sowing and emergence may
be related to the installation of irrigation drippers that took place about two weeks after
sowing on both fields. Between the harvest and the first tilling on July 11t 2017, the plots
are used for cattles grazing which can explain the observed changes of coherence. The
abrupt decrease noted on July 11t 2017 is owing to deep ploughing. Soil works and farming
activities have already been found to induce a large decrease in coherence (Wegmuller and
Werner, 1997). After this date, the VV coherence p,,,, reaches its highest value of about 0.9
until the sowing of the second season. Although some authors (De Zan et al., 2014; Morrison
et al., 2011; Scott et al., 2017) demonstrated a sensitivity of coherence to soil moisture, a
visual inspection of the time series of coherence and soil moisture (Fig. S5 in the
supplementary material) does not highlight any strong linkage between both variables. In
addition, the correlation coefficients r computed between the interferometric coherence

and either soil moisture or soil moisture change between the dates used to compute the
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coherence remains below 0.20 at the seasonal scale (Table T2 in the supplementary

material).
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Fig. 3. Time series of PR, oy, 0uy, Pyy and pyy at 45.6° of incidence angle over the Field 2 and during two
agricultural seasons 2016-2017 and 2017-2018. Optical NDVI, measured LAl, measured VWC, FAGB and AGB
are plotted in the first subplot. Mean values are represented by solid lines and standard deviations by the filled
areas surrounding the curves. Rainfall, irrigation and SSM are displayed in the last subplot. Wheat phenological
stages and ground working events are superimposed. The drop of VWC at the end of the season is reported as a
blue vertical line on the time series of the polarization ratio and of the backscattering coefficients.

2.1.2. Backscattering coefficients and surface soil moisture
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Fig. 4 displays the relationship between the backscattering coefficient and the SSM for VV
and VH polarization at 45.6° (a and b) and 35.2° (e and f) of incidence angle, and between
the difference of backscattering between two successive acquisitions and the corresponding
difference of SSM (c, d, g and h). All data are represented (two fields and two seasons). Black
points correspond to LAl up to 1.5 m?/m? while data corresponding to LAl value above this
threshold are plotted in grey. The 1.5 m2/m? of LAl correspond on average to AGB[D.14
kg/m? and to VWC[11.00 kg/m?. The statistical metrics and the equation of the superimposed
linear fit are given for the whole season. Statistical metrics for LAI<1.5 and for LAI>1.5 are

also reported in Table T3 of the supplementary material.

Angle of incidence 45.6° and 35.2°, two fields and two seasons
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Fig. 4. Relationship between: (a, b) and (e, f) 6P, and a®y and SSM, (c, d) and (g, h) Ac®, and Ay and ASSM
at 45.6° and 35.2°. Data are shown separately for LAI<1.5 (black points) and LAI>1.5 (grey points). Statistical
metrics are provided for the whole season. Correlations significant at 99% level are marked with a star **.

When data acquired over the entire season are considered, the relationships are obviously

scattered (correlation coefficients r below 0.42; see Table T3). This is because the soil
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contribution to the signal is progressively attenuated by the canopy when wheat grows. This
results in a progressive decrease of the slope of the relationship between the backscattering
coefficient (the backscattering difference between two acquisitions) and SSM (SSM
differences) to reach almost no sensitivity to SSM change. Backscattering coefficients are on
average better correlated with SSM at 35.2° than at 45.6° because of a stronger contribution
of the soil at lower incidence angle. As expected also, VV polarization is more tightly related
to SSM than VH at 45.6° as the contribution of the canopy is higher than at 35.2°. Slightly
lower statistical metrics are obtained for the Ac®/ASSM relationships than for the direct
relationships between ¢° and SSM, in particular considering VV polarization at 35.2° (r=0.29
vs r=0.41) but the correlation coefficient is also significant at the 99% level at 45.6° (r=0.37)
for VV polarization. Please note that this analysis may be biased because of the very specific
growing conditions of Field 2 during the 2"¥ season including a strong horizontal extension of

the adventices that may alter the relationship.

When wheat is not fully covering the soil (LAI<1.5 m?/m?), much better statistics are
observed. In this case, significant correlations at the 99% level are obtained for all
configurations (Table T3). Quite similar relationships 6°/SSM are observed at 35.2° for VV
and VH with r=0.76 and r=0.82, respectively while much significant differences in favor of VV
are obtained at 45.6° as the vegetation contribution increases with the incidence angle.
Likewise, at 35.2°, the slopes of the relations are similar ((17.4 and 16.7 dB/[m3/m3] for VH
and VV respectively), while at 45.6°, higher sensitivity is observed for VV (21.5 dB/[m3/m?3]
compared to 12.7 dB/[m3/m3] for VH). For the Ac®/ASSM, the best fitting is obtained for VV
with r=0.70 and r=0.63 at 35.2° and 45.6°, respectively while the difference of metrics

between VV and VH are more important with regards to ¢°/SSM. As expected, higher slopes
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are observed at VV for both incidence angles with values of 14.1 dB/[m3/m3] and 24.4

dB/[m3/m3] at 35.2° and 45.6°, respectively.

These observations confirm the well known results: a higher sensitivity of the radar signal to
soil contribution (and consequently soil moisture) for low incidence angles and VV

polarization.

2.1.3. Polarization ratio, interferometric coherence and vegetation

descriptors

In this section, the relationships between the interferometric coherence and PR, that both
have been shown to be related to vegetation development, and AGB and VWC are analyzed.
As NDVI can be obtained with similar spatio-temporal resolutions from Sentinel-2, the same
relations are investigated with NDVI. Fig. 5 illustrates these relationships using the data of
both fields and seasons, at 35.2° incidence angle. The points in black corresponds to the data
acquired before AGB (or VWC) peak while data after the peak are plotted in grey. The same
figure but with data acquired at 45.6° is provided as supplementary material (Fig. S6). Please
note that an exponential fit is used for interferometric coherence while a polynomial fit is

chosen between PR and VWC because both exhibit a “bell” shape.

The relationships between NDVI and AGB (Fig. 5a) and VWC (Fig. 5b) exhibit a strong
dispersion and an hysteresis effect considering separately data acquired before and after the
peak. While NDVI is mainly sensitive to the green leaf area index (GLAI), the relation
between GLAI and VWC or AGB is not linear and depends on the plant structure. The
hysteresis effect observed for the relation with AGB is simply related to the leaf senescence
leading to a drastic drop of GLAI after the peak while AGB remain high. The relation

saturates for low values of AGB (~ 0.3 kg/m?). By contrast, the relationships are much better

31



627

628

629

630

631

632

633

634

635

636

637

638

639

640
641
642

when the polarization ratio and the interferometric coherence are considered. Considering
the spearman rank correlation, the best relationships are obtained with VWC for both
interferometric coherence and PR. For the PR, the relationships are good with both AGB and
VWC on the entire crop cycle at 35.2with higher saturation values than with NDVI (AGB ~ 0.5
kg/m?). Unfortunately, the metrics seems not stable when the incidence angle is changing as
poorer results are obtained at 45.6° (Fig. S6). Finally, good relationships are also obtained
between interferometric coherence and AGB and VWC for both incidence angles with even
higher saturation value (around 0.9 kg /m? for the relationship between pyy and AGB at
35.2°). Our assumption is that coherence is less sensitive to the geometry of the canopy than
the PR. Regarding the results above, the relationships between interferometric coherence at
VV polarization and the PR on one hand and, on the other hand, AGB and VWC are potential

candidates for the retrieval of SSM.
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Fig. 5. Relationship between (a,b) NDVI and AGB and VWC; (c,d) PR and AGB and VWC; (e,f) pyy and AGB and
VWG (g,h) pyy and AGB and VWC at 35.2°. Black point corresponds to data acquired before the AGB (or VWC)
peak while grey is for data after the peak. R? and Rs significant at the 99% are followed by a star (*).
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2.2. Simulation results

Fig. 6 displays the time series of predicted and observed backscattering coefficients on both
fields at 35.2° together with contributions from the soil attenuated by the canopy and from
the canopy when using AGB as the vegetation descriptor. Fig. 7 is the same as Fig. 6 but at
45.6°. Table 5 summarizes the corresponding statistical metrics for calibration/ validation of
the WCM. Several vegetation descriptors were tested among which LAI, Fc, NDVI, AGB and
VWLC. Fig. S7 and S8 in the supplementary material are the same as Fig.6 but using NDVI and
VWC. By considering AGB (Fig. 6), the seasonal course of the backscattering coefficient is
well reproduced for both incidences and both polarizations. The relative variations between
the configurations (higher o, than a9, and higher ¢° at 35.2° than ¢° at 45.6° for both
polarizations) are also well reproduced demonstrating the proper calibration of the model.
Obviously, the soil contribution that dominates the scattering mechanism during the first
half of the season is progressively attenuated with the canopy development. As expected,
(Fontanelli et al., 2013; Macelloni et al., 2001; Paloscia et al., 2014; Picard et al., 2003), soil
attenuation is stronger for VV than for VH in response to the vertical stem extension. In
March, when both soil and vegetation contributes, the agreement between observations

and prediction deteriorates with regards to the rest of the cycle (RMSE=2.62 dB in March

2018 and 1.66 dB for the whole season for Field 1 at VV polarization and 35.2°).

During the second cycle, the agreement is also good even if a bias can be observed (up to
2.84 dB for Field 1 at VV polarization and 35.2°). For Field 2 during 2017-2018, the bias is to
be attributed to the adverse growing conditions already highlighted. By contrast, the use of
VWC and, to a lesser extent NDVI as vegetation descriptor (Fig. S7 and S8), suffer from

several limitations during the second part of the season: (1) the observed decrease of the
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backscattering coefficient from seeding to heading is poorly reproduced; (2) there is no
second cycle and (3) the drop of backscattering coefficient at the end of the season occurred
around 18 days earlier than observations. This is particularly prominent for VH polarization.
As demonstrated by Picard et al. (2003) and Mattia et al. (2003), the backscattering
mechanisms after heading is dominated by the volume scattering within the head layer
partially shielding the stem and leaves below. Ulaby et al. (1986) suggested that an
additional term needs to be added to the traditional three terms model (volume scattering
from vegetation, soil attenuated and interaction soil-vegetation) to properly represent
wheat backscattering after heading. This may explain why, for a simple model like the water
cloud unable to separate between the contribution from the leaves, stems and heads, the
use of AGB provided with the best predictions of the seasonal course of the backscattering,
including the second increase occurring from the heading stage and the drop of ¢° at the
end of the season. Nevertheless, further investigations are needed to support this

assumption by using a multi-layer radiative transfer model.

Table 5
Statistical metrics of the WCM calibration and validation (see text) at 45.6° and 35.2° of incidence angle and for
VWV and VH polarizations when using AGB as vegetation descriptor.

Calibration Validation
Field1 & 2 Field 1 Field 2
45,6° 35,2° 45,6° 35,2° 45,6° 35,2°
\AY VH \AY VH \AY VH \AY VH \AY VH \AY VH
r 0.73 047 | 076 0.24 | 072 046 | 073 061 | 056 0.52 | 0.68 0.43
RMSE 1.54 1.66 1.44 1.92 1.5 1.89 | 166 1.74 | 2.02 252 | 158 1.98
Bias -0.17 0.25 | -0.31 0.27 | -0.39 0.02 | -0.03 0.76 | -0.03 0.54 | 0.08 0.32
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685 Fig. 6. Time series of the different contributions simulated using the WCM and AGB as vegetation descriptor
686 fitting the observations at VV and VH polarizations over Field 1 and Field 2 and for both seasons (2016-2017 and
687 2017-2018) at 35.2° of incidence angle.
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Fig. 7. Time series of the different contributions simulated using the WCM and AGB as vegetation descriptor
fitting the observations at VV and VH polarizations over Field 1 and Field 2 and for both seasons (2016-2017 and
2017-2018) at 45.6° of incidence angle.

2.3. Surface soil moisture retrieval

The focus of this section is on the retrieval of the SSM on wheat crops during the whole
growing season using Sentinel-1 information only. The results of the two proposed
approaches, based on the interferometric coherence and on the polarization ratio, are
compared to three extensively used methods and discussed. The good relationship obtained

between either the coherence p,,, or PR, and AGB or VWC, are used (Fig. 5e). Table 6

summarizes the statistical metrics for the whole crop season.
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Table 6
Statistical metrics of the surface soil moisture estimation using the seven methods (see text) for the calibration
sites. Bold correlation coefficients are significant at the 99% level.

Field 1 Field 2 Field 3
45.6° 35.2° 45.6° 35.2° 45.6° 35.2°
VV VH VV VH VWV VH VWV VH f VH VV VH
r 06 034|08 073]|001 013|029 03 |071 04 | 0.8 o021
RMSE | 008 009 | 0.05 006 | 013 011|009 008|004 009 | 004 008
WCMp—AGB )
Bias |-003 -006| 0 -003] 0o 002|002 -003|003 -007|001 006
slope | 0.85 027 | 093 061|002 -017| 03 028 ] 069 059 | 1.05 0.19
r 062 04 | 059 058|018 031] 01 -01|o066 047|069 05
RMSE | 008 0.1 | 008 008|016 018|011 014|006 009 | 005 008
WCM, ywe |
Bias | 002 -001|-002 -0.03| 001 003 |-001 003|005 -007|002 -007
Slope | 0.91 058 | 083 072 | 039 -061|016 -033|072 073| 09 o051
r 026 039 | 0.61 061|004 042|001 018|076 037|068 047
RMSE | 022 008|012 007 ]| 023 019| 02 014|005 008|008 008
WCMpp_s¢p | _.
Bias |-0.15 -004| 002 -0.03|-016 -003|-001 o0 |004 005|005 -0.05
Slope | 057 035 | 13 071|013 -073| 002 -023]| 08 057 | 1.09 057
r 055 032|067 056]|-019 038|006 -0.15| 061 047 | 0,68 0,59
RMSE | 009 0,12 | 0,06 01 | 017 021|011 018|008 008|006 0,09
WCMpp_ywe | .
Bias | 002 001|-001 o0 |00l -003| O o |oos o |002 -002
Slope | 0,88 056 | 07 09 |-046 -1.1 |010 -039]076 104|095 1,18
r 057 016 | 0.65 053] -02 045|021 029|057 035| 07 053
RMSE | 009 013 | 008 009 | 02 023|012 018|007 009|005 01
WCMNDVI .
Bias | 001 -003|-001 -004|001 0 |-000 002|006 005|003 -006
slope | 0.89 026 | 089 068 | 051 -1.15| 037 -0.63| 062 06 | 0.8 0.64
r 063 028|067 066|-011 03 | o 003]| 06 023|061 042
o° RMSE | 007 007 | 007 007 | 007 008|007 007|008 007|008 008
Bias |-0.04 -002|-0.04 -004|002 005|002 o001|-007 -0.06|-006 -0.06
slope | 0.11 -001|019 025 |-002 001 | 0 001]012 -001| 025 0.9
r 029 021|038 035|043 009|021 042]071 062|065 015
Ag? RMSE | 004 004 | 0.04 004|005 005|005 005|007 007|007 006
Bias o 007 0 0 0 0 0 o |oos 005|006 004
Slope | 0.08 002 | 013 017 | 011 001 | 006 017 | 031 024 | 015 0.02

All the methods are able to retrieve SSM reasonably well at 35.2° using VV backscattering
coefficients on Field 1 and Field 3 with r above 0.60 apart for the empirical approach based
on Ac® in Field 1 (r=0.38 at 35°2 and VV polarization). By contrast, SSM for most of the

methods and, in particular for those based on the WCM, performed poorly on Field 2. For
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information, for the WCM based approaches, the retrieval on Field 2 has also been tested by
calibrating the WCM on the second season or by using the calibrated coefficient of Field 1. In
both cases, poor results were obtained. This is attributed to very specific growing conditions
that severely affected the wheat development as already discussed (see pictures Fig. S1 and
Fig.S2 of the supplementary materials). Indeed, if data from the beginning of the season (LAI
< 1.5 m?/m?) only are considered, results are similar to those obtained on Field 1 at both
45.6° and 35.2° meaning that the main issue is related to the development of the vegetation
in this field. This illustrates that the performance of the model based approaches could drop
drastically when growth conditions diverge significantly, in terms of vegetation structure in
particular, from the conditions on which the model was calibrated. Interestingly enough, the
empirical technique based on Ac® performed very well on Field 3 (r=0.71) and to a lesser
extent on Field 2 (r=0.43). It is the best from all the evaluated methods on Field 2. In
addition, it provided with the lowest RMSE (RMSE < 0.05 m3/m3) on Field 1 & 2 but 0.07
m3/m3 on Field 3. The best results are obtained on Field 1 by the new WCM based approach
using the relation between the interferometric coherence and AGB (r=0.82, RMSE=0.05
m3/m3 and no bias for VV at 35.2°). For illustration purpose, Fig. 8 displays the scatter plots
between the observed and retrieved SSM using the latter method from sowing to harvest at
35.2°: (a) and (b) are for Field 1 at VV and VH, respectively; (c) and (d) are for Field 2 and (e)
and (f) for Field 3. Metrics are obviously worse at 45.6° because of a stronger contribution of

the canopy and for VH polarization for all considered methods.
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Fig. 8. Retrieved SSM versus in situ measurements at VV and VH polarizations at 35.2° of incidence angle for the
calibration sites: (a,b) Field 1, (c,d) Field 2 and (e,f) Field 3. Bold correlation coefficients are significant at the

99% level.

In order to evaluate the genericity of all methods, they have been implemented on the

validation database using the calibration carried out on Field 1 and Field 2 during the first

crop season. Table 7 displays the statistical metrics for the seven methods on the validation
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database mixing rainfed and irrigated fields. All methods performed reasonably well at VV
polarization including the simplest approaches based on o® and Ac® with correlation
coefficients always significant at the 99% level apart from the Ac® method on the “Sidi
Rahal” site (rainfed). Results are slightly worse but remain close to the ones obtained on the
site where the methods were calibrated for the three other approaches (WCMypy;, o® and
Ac®). In addition, the lower correlation on “Sidi Rahal” and on the Tunisian plots could also
be due to the slightly higher incidence angle of the Sentinel-1 data acquired on these two
last site (40° versus 35.2° for the sites where the method has been calibrated). By contrast,
overall performances are worse for the empirical approaches but they appear more stable
from one site to another, in particular for the o® based method as demonstrated by the small
changes of correlation coefficient ranging from 0.60 to 0.62 and of RMSE (0.07 m3/m3).
Despite the moderate loss of performance from the fields of “Domaine Rafi” to the
validation sites, the method based on the p — AGB relationships provided with the best
results on the validation database with systematically higher correlation coefficients, lower
RMSE and biases remaining low with a maximum value of 0.03 m3/m?3 for VV polarization
and an average bias of 0.01 m3/m3 on the entire database. For illustration purpose, Fig. 9
displays the scatter plot in the rainfed field, Morocco (a and b) and in the Kairouan plain,
Tunisia (c and d) for the latter approach. Fig. 9e and f shows the scatterplots for the whole

database including Field 1 and Field 3.

Table 7
Statistical metrics of the surface soil moisture estimation using the seven methods (see text) on the validation
database. Bold correlation coefficients are significant at the 99% level.

Sidi Rahal Kairouan
40° 40°

40



Y VH Y VH
r 0.7 0.61 0.75 0.54

WCM, e RMSE 0.08 0.08 0.06 0.06
Bias 0.03 0.03 0.01 0.04

Slope 0.76 0.52 0.64 0.47

r 0.68 0.63 0.65 0.42

WCM, ywe RMSE 0.11 0.08 0.07 0.1
Bias 0.08 0.02 0.01 -0.05

Slope 0.7 0.58 0.62 0.38

r 0.59 0.52 0.61 0.39
WCMor_sch RMSE 0.13 0.11 0.08 0.09
Bias 0.09 0.05 0.02 -0.03

Slope 0.71 0.54 0.7 0.39

r 0,69 0,5 0,64 0,37

RMSE 0,1 0,11 0,07 0,1
WEMpr-vwe | g1 0,07 0,04 0,01 -0,04
Slope 0,73 0,56 0,56 0,35

r 0.69 0.56 0.61 0.39
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Fig. 9. Retrieved SSM versus in situ measurements at VV and VH polarizations over the validation sites for the
coherence based approach:(a,b) Sidi Rahal; (c,d) 18 plots of Kairouan plain (~40°); (e,f) All data (all fields and all
orbits). Bold correlation coefficients are significant at the 99% level.

In order to evaluate the potential loss of performance associated to vegetation growth, the
correlation coefficients of the seven methods are plotted as a function of AGB in Fig. 10
using data of Field 1 and Field 3 because in situ measurements of AGB were available on

these fields. Field 2 was discarded because of the specific growing conditions already
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discussed. The number of points ranges from 26 at the start of the crop season (AGB<=0.14
kg/m? corresponding to LAI<=1.5 m?/m?) to 70 when all vegetation conditions are
considered (AGB<=2.50 kg/m?). When soil contribution is dominating the signal at the
beginning of the season, performances of the seven retrieval methods are of the same order
with correlation coefficients above 0.70 for VV polarization. When soil is progressively
shielded by the canopy as vegetation growths, a drop of r is observed for most of the
methods as expected and r increases again afterwards or remains almost constant. This is
because most of the observations corresponding to AGB values above 1.5 kg/m? are
acquired during the senescence period when wheat dries out and the soil contribution to the
backscattering become significant again (cf simulation results). The lower drop is observed
for the WCM,,_ 46 as r goes from 0.80 to 0.78 (about 2.5%). By contrast, r decreases of
more than 18% for all the others WCM based approaches (WCMypy;,
WCMpg_ e, WCMpr_ywe and WCM,_yy¢). Interestingly enough, despite the empirical
approach based on o provides with slightly lower performances than the WCM based
techniques at the start of the season, it shows a good stability as the drop of r associated to
vegetation development is low (around 13%). The lower performances of the Ac®(ASSM)
approach are in close agreement with the paper of El Hajj et al. (2019) who show that it

offered poor performance at C-Band for NDVI greater than 0.7.
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Fig. 10. Correlation coefficient between the observed and the retrieved SSM as a function of AGB using data of
Field 1 and Field 3 at 35.2° and VV and VH polarizations for the seven methods: 6°(SSM), Aa® (ASSM), WCMypy 1,
WCMpg_ywe, WCMpgr_age, WCM,_ywe, WCM,_4ci- All the correlations are significant at the 99% level.

Finally, the WCM,,_ 45 was implemented to map SSM over an irrigated perimeter located 40
km east of Marrakech name R3 (Duchemin et al., 2006) for illustration purpose. The
perimeter is dominated by wheat even if some vegetables and trees are also cropped. Fig. 11
displays maps of SSM for two contrasted dates: (1) 15/01/2017 during the crop season when
wheat is irrigated, and (2) 20/06/2017 when all wheat fields have been harvested. Tree fields
are masked thanks to a land use map from the 2012-2013 crop season (Diarra et al., 2017)
and an aerial picture acquired in 2019 from Google map. In January, most of the fields are
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wet with soil moisture values reaching 0.4 m3/m? while drier conditions are encountered in
June. An interesting feature is the high variability of hydric conditions from one field to
another during January in relation to irrigation distribution and sowing date. A complete
water turn takes about 15 days to irrigate all the fields introducing also a large diversity in
terms of hydric condition. The SSM map of January depicts well this variability. The large
oblique patch located west of the images exhibiting dry conditions on both date corresponds

to bare soil that are never cropped.
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Fig. 11. Surface soil moisture maps over an irrigated perimeter located 40 km east of Marrakech named R3 for
two different SSM conditions : wet condition (15 January 2017) and dry condition (20 June 2017).
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Summary and conclusion

The objective of this work was to develop and evaluate a new approach for surface soil
moisture (SSM) retrieval over wheat crops based on Sentinel-1 data. The goal was to rely on
Sentinel-1 only, without any additional ancillary data. This work is based on a large in situ
database from several irrigated and rainfed wheat in Morocco and Tunisia. A comprehensive
study of wheat C-band radar response was conducted. The time series of the backscattering
coefficient and the interferometric coherence derived from C-band Sentinel-1 are analyzed
and physically interpreted. The analysis showed that the backscattering coefficient is
obviously sensitive to the surface soil moisture changes, at least during the first stage of
wheat growth, while the interferometric coherence and PR are more affected by the wheat
crop growth. The good relationships obtained between PR/interferometric coherence, on
one hand and, on the other hand, AGB/VWC were selected as potential candidates for the
retrieval of SSM. The WCM coupled to Oh model was calibrated at VV and VH polarization
and for two angles of incidence (45.6° and 35.2°). Several parameters were tested as
descriptors of wheat development but observed backscattering coefficients after the
heading stage was better reproduced using the AGB. The model showed to reasonably
reproduce the observed seasonal course of the backscattering coefficient if the empirical
coefficients of the WCM were calibrated separately for VV and VH. The calibrated model was
used in an inversion process for the SSM. The four methods are named
WCMpr_ywc, WCMpr_age, WCM,,_ywc and WCM,,_,¢g- They are compared to three more
classical methods for SSM retrieval composed of two empirical approaches (linear
relationships ¢® — SSM and Acg® — ASSM) and one based on the water-cloud model but

with NDVI as the vegetation descriptor (WCMypy;). Please note that the new WCM based
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approaches require additional measurements of the vegetation characteristics to develop
the relationships between PR/ p - AGB/VWC adding three parameters to be fitted with
regards to WCMypy;, 0°(SSM) and Ac®(ASSM) methods. The main results can be

summarized as follows:

- All methods performed reasonably well at VV polarization with better results for the
WCM-based when compared to the empirical ones (o and Ac®).

- Despite a moderate variability of the statistical metrics when going from one site to
another, the new method based on the relationship between the interferometric
coherence and the AGB provided with the best results with a correlation coefficient r
of 0.74 and a small bias of 0.01 m3/m3.

- By contrast, overall performances were worse for the empirical approaches but they

were more stable from one site to another, in particular for the 6° based method.

The proposed new approaches taking advantage of two complementary and relatively
independent information derived from Sentinel-1 data made it possible to get away from
dependence on optical data that are restricted by weather and illumination conditions. They
are valid for wheat crops (as the relationships between the interferometric coherence/PR
and vegetation characteristics were established for wheat) during the period from seeding
after all soil tillering action to harvest only meaning three conditions must be satisfied: (1)
soil roughness parameter h,.,s remains within the range from 0.7 to 1.5 cm; (2) there is no
drastic change of soil roughness during the crop season. Stated differently, no soil tillering is
done from seeding to harvest; ; (3) the sensitivity of interferometric coherence to soil
moisture change is of a 2"d order with regards to AGB and VWC changes; (4) they reflect the

sensitivity of the radar signal to the vegetation geometrical structure, which can induce
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significant errors if it is not well taken into account (explaining low results over the second

test field ).

The limited loss of performances on the validation database of the coherence based
technique points out that it could be applied with a reasonable accuracy on sites outside of
the area where it has been developed. This question of the genericity of the retrieval
approach is fundamental. Very similar wheat varieties are sown in the south Mediterranean
region meaning that the canopy structure are similar. Likewise, the fact that the
phenological stages are very close as all the fields in our database are located in the South
Mediterranean region lead to similar development of the plants. A strong change of
structure would probably impact negatively the results. This means that the method would
not be valid for different crop and in particular row crops such as sunflower. Even for wheat
field, specific conditions such as the development of adventices with a different structure of
wheat or stems laid down by the wind degrade the performance of the approach as

demonstrated by the poor results obtained on Field 2. Further validation is thus required.

Further investigations will focused on the combination of C and L-band data within the frame
of the numerous L-band mission in preparation (ROSE-L, NISAR) or already into orbit (ALOS-
2, SAOCOM) for the joint retrieval of SSM and vegetation biomass, potentially separating its
stems and heads components. Another aspect of our work in progress deals also with
irrigated area mapping from which high spatio-temporal resolution SSM images could

benefit (Malbéteau et al., 2018) together with irrigation retrieval at the plot scale.
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Fig. 1. Location of the two study sites: Field 1 (stressed), Field 2 (reference) and Field 3 drip-irrigated wheat
crops near Chichaoua city in a private farm (“Domaine Rafi”), west of Marrakech, Haouz plain, center of
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Fig. 2. Time series of PR, 6%y, 6%y, pyy and pyy at 35.2° of incidence angle over the Field 1 and during two
agricultural seasons 2016-2017 and 2017-2018. Optical NDVI, measured LAI, measured VWC, FAGB and AGB
are plotted in the first subplot. Mean values are represented by solid lines and standard deviations by the filled
areas surrounding the curves. Rainfall, irrigation and SSM are displayed in the last subplot. Wheat phenological
stages and ground working events are superimposed. The drop of VWC at the end of the season is reported as
a blue vertical line on the time series of the polarization ratio and of the backscattering coefficients............... 26

Fig. 3. Time series of PR, oy, 0oy, pyy and pyy at 45.6° of incidence angle over the Field 2 and during two
agricultural seasons 2016-2017 and 2017-2018. Optical NDVI, measured LAI, measured VWC, FAGB and AGB
are plotted in the first subplot. Mean values are represented by solid lines and standard deviations by the filled
areas surrounding the curves. Rainfall, irrigation and SSM are displayed in the last subplot. Wheat phenological
stages and ground working events are superimposed. The drop of VWC at the end of the season is reported as
a blue vertical line on the time series of the polarization ratio and of the backscattering coefficients............... 28

Fig. 4. Relationship between: (a, b) and (e, f) a2y, ooy and SSM, (c, d) and (g, h) Ac¥y and Ao?,H and ASSM at
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metrics are provided for the whole season. Correlations significant at 99% level are marked with a star "*'..... 29

Fig. 5. Relationship between (a,b) NDVI and AGB and VWC; (c,d) PR and AGB and VWC; (e,f) pyy and AGB and
VWCG; (g,h) pyy and AGB and VWC at 35.2°. Black point corresponds to data acquired before the AGB (or VWC)
peak while grey is for data after the peak. R? and Rs significant at the 99% are followed by a star (*)............... 33

Fig. 6. Time series of different contributions simulated using the WCM and AGB as vegetation descriptor fitting
the observations at VV and VH polarizations over Field 1 and Field 2 and for both seasons (2016-2017 and
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Fig. 7. Time series of different contributions simulated using the WCM and AGB as vegetation descriptor fitting
the observations at VV and VH polarizations over Field 1 and Field 2 and for both seasons (2016-2017 and
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Fig. 8. Retrieved SSM versus in situ measurements at VV and VH polarizations at 35.2° of incidence angle for the
calibration sites: (a,b) Field 1, (c,d) Field 2 and (e,f) Field 3. Bold correlation coefficients are significant at the
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Fig. 9. Retrieved SSM versus in situ measurements at VV and VH polarizations over the validation sites for the
coherence based approach: (a,b) Sidi Rahal; (c,d) 18 plots of Kairouan plain (~40°); (e,f) All data (all fields and all
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Fig. 10. Correlation coefficient between the observed and the retrieved SSM as a function of AGB using data of
Field 1 and Field 3 at 35.2° and VV and VH polarizations for the seven methods: ¢®(SSM), Ac® (ASSM),
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two different SSM conditions : wet condition (15 January 2017) and dry condition (20 June 2017)................... 47

55



1172

1173

1174

1175

1176

1177

1178

1179

1180

1181

1182

1183

1184

1185

1186

1187

1188

1189

1190

1191

1192

Appendix 1: Backscattering model description

The canopy-backscattering coefficient is given as the incoherent sum of three contributions:
the attenuated surface scattering from the underlying soil, the volume scattering from the

canopy and the soil-vegetation multiple scattering interaction as follows:

0 — 0 0 2.0
Opq, canopy = qu, vegetation + qu, soil-vegetation +L apq, soil (Al)

Where pq is the polarization mode (V or H). 05,4 vegetations Opq, soil-vegetation @9 Tpg, soil
denote the contributions of vegetation, interactions soil-vegetation and bare soil,

respectively. L?is the two-way transmissivity factor of the canopy.

1. Oh Model

The contribution of the soil component was calculated using the Oh et al. model (1992). This
model has been shown to be applicable to a large range of soil roughness conditions and a
large range of incidence angle in various context (Frison et al., 1998; Jarlan et al., 2002). The
soil backscattering coefficient is expressed as a function of one parameter related to the soil
roughness (h,,s) only when compared to other models including IEM (Fung et al., 1992).
Other input parameters are the angle of incidence (B), the wave number (k) and the
dielectric constant of the soil surface (&,.). This latter was computed from soil moisture and
soil texture using the empirical model proposed in Hallikainen et al. (1985). The Oh model
expresses the co-polarized and cross-polarized ratio to compute the backscattering

coefficient of three linear polarizations (HH, VV and HV/ VH) as follows:
Oy, sou = g * (cos0)® x (T, +Ty)/y/p (A2)

Oy, soi = q* g * (cos0)® = (T, +Ty)/\/p (A3)
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Where

q =0.23x(1—elkhms)) s [Ty (A4)
(—krhyms) 5 (28 2o

Jp =1—ektms) o (2) (A5)

g = 0.7 % (1 — e(-065:(eshrm) 1)) (A6)

'y, Ty, and [y are the Fresnel coefficients given by the following expressions:

&rcos O—/&,—sinZ @ cosO—./&,—sinZ2 0 1—/&, 2
ry = 5Ty = z and o = | (A7)
(srcos 0+ &r—sin? 9) (cos 0+ &-—sin2 9) 1++&r

2. Water Cloud Model

The semi-empirical water cloud model (Attema and Ulaby, 1978) aims to predict the radar
backscatter over vegetation canopies. It represents the vegetation canopy as a cloud of
identical water droplets. Indeed, the dielectric constants of dry matter and dry air are much
smaller than the dielectric constant of water and the vegetation cover is composed of more
than 99% of air by volume. The main assumptions of the water cloud model are: (1) that the
multiple scattering within the canopy volume can be neglected, and (2) that cloud height
and density are proportional to the VWC. The model domain of validity covers a large range
of frequencies (8-18 GHz) and of incidence angles (0-70°). It has been shown to perform well
in a large range of vegetation conditions and frequencies for the direct prediction of the
backscattering coefficient as well as for the retrieval of soil moisture content and AGB (Bai et
al., 2017; Bindlish and Barros, 2001; Bousbih et al., 2017; El Hajj et al., 2016; Hosseini and

McNairn, 2017).
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In the Water Cloud Model, the agou_,,egemion term (cf. Eq. Al) is neglected (Frison et al,,
1998; L. Jarlan et al., 2002; Kumar et al., 2014). The problem is then equivalent to the first
order solution of the radiative transfer equation through a weak medium. agegemtion and L?

are expressed as follows:

O—zg)q, vegetation — quV1C059(1 - LZ) (A8)

L%q — e—ZquvlseCG (A9)

Where 6 is the incidence angle and A,, and B, are the model's coefficients that depend on
the canopy type, sensor's frequency and polarization and on the incidence angle. The first
coefficient is related to the contribution of the direct scattering from the vegetation while
the second represents the attenuation of the underlying soil backscattering by the canopy.

V, is a parameter describing the vegetation canopy dynamics.
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