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Abstract: The objective of this paper was to estimate soil moisture in pepper crops with drip irrigation
in a semi-arid area in the center of Tunisia using synthetic aperture radar (SAR) data. Within this
context, the sensitivity of L-band (ALOS-2) in horizontal-horizontal (HH) and horizontal-vertical
(HV) polarizations and C-band (Sentinel-1) data in vertical-vertical (VV) and vertical-horizontal (VH)
polarizations is examined as a function of soil moisture and vegetation properties using statistical
correlations. SAR signals scattered by pepper-covered fields are simulated with a modified version
of the water cloud model using L-HH and C-VV data. In spatially heterogeneous soil moisture
cases, the total backscattering is the sum of the bare soil contribution weighted by the proportion of
bare soil (one-cover fraction) and the vegetation fraction cover contribution. The vegetation fraction
contribution is calculated as the volume scattering contribution of the vegetation and underlying
soil components attenuated by the vegetation cover. The underlying soil is divided into irrigated
and non-irrigated parts owing to the presence of drip irrigation, thus generating different levels of
moisture underneath vegetation. Based on signal sensitivity results, the potential of L-HH data to
retrieve soil moisture is demonstrated. L-HV data exhibit a higher potential to retrieve vegetation
properties regarding a lower potential for soil moisture estimation. After calibration and validation
of the proposed model, various simulations are performed to assess the model behavior patterns
under different conditions of soil moisture and pepper biophysical properties. The results highlight
the potential of the proposed model to simulate a radar signal over heterogeneous soil moisture fields
using L-HH and C-VV data.

Keywords: ALOS-2; Sentinel-1; soil moisture; row vegetation; modified water cloud model; drip irrigation

1. Introduction

Over the last few decades, the agricultural sector water demand has increased to ensure
food security for a growing population [1,2]. In arid and semi-arid areas, the irrigated sector
has increased the pressure on water resources under climatic irregularities, i.e., successive
years of drought or flooding [1,3,4]. This critical situation becomes increasingly complicated
with the insufficient use of water in agricultural fields [5,6]. To improve water resource
management in the agricultural sector, soil moisture estimation is a key component to
optimize irrigation scheduling and precision irrigation [7,8].

Remote sensing has demonstrated a high potential to retrieve soil moisture from
agricultural field scales to regional scales owing to the resolution and repetition frequency
of remote-sensing data acquisitions compared to punctual measurements of the soil mois-
ture [9–12]. Based on synthetic aperture radar (SAR) data, many studies have been devoted
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to soil moisture estimation in the X-, C- and L-bands [12–29]. The developed approaches to
estimate soil moisture using SAR data generally have not considered the heterogeneity of
soil moisture at a pixel scale which remains a persistent challenge.

To relate radar signals to in situ measurements, such as soil moisture and rough-
ness [30] and biophysical vegetation parameters across covered fields, different radar
backscattering models have been employed [31,32]. Some of the aforementioned models are
based on physical approaches, such as the Karam model based on the physical interactions
of electromagnetic waves with vegetation [33,34], and semi-empirical approaches, such as
the Michigan microwave canopy scattering model that divides the vegetation canopy into
multilayer compositions [31,35–38] and the water cloud model (WCM) [18,27,39–46].

The simplicity of the WCM makes it widely used in the literature where backscat-
tering is the sum of the contributions of three components, namely, vegetation, soil scat-
tering attenuated with the vegetation effect and soil-vegetation interactions. Bare soil
backscattering is calculated through a wide range of models coupled to the WCM including
physical approaches, such as the geometric optic model (GOM) [21], integral equation
model (IEM) [47], AIEM [28,48], and IEM modified by Baghdadi (IEM-B) [18,49], and
semi-empirical approaches, such as the Oh model [50–52] or empirical models requiring
calibration and validation (particularly exponential [21,53] or linear relationships [43,44],
respectively).

In previous studies relying on the WCM, the soil–vegetation interaction term has
generally not been considered. However, some studies have proposed different expressions
for this term, e.g., as a function of the Fresnel reflectivity and volume scattering coefficients
in [36,37] or via calibrated semi-empirical equations in [21,49]. To evaluate the vegetation
effect, various studies have explored the impact of canopy descriptors such as biophysical
parameters (crop height, leaf area index, biomass, vegetation coverage fraction or vegetation
water content) [38,51,54], SAR polarization ratios [51,55–58] or indices derived from optical
images, such as the normalized difference vegetation index (NDVI) [18,43,44,49,59].

To estimate the soil moisture within a homogenous vegetation context, several tech-
niques have been employed to invert models, including direct inversion [44,49], change
detection [29,60,61], Bayesian approaches [62], look-up tables [49,52] and artificial neural
networks (ANNs) [23,63–67].

WCM parametrization of vegetation and soil variables has been performed based
on experimental data relating the model performance to the quality and robustness of in
situ data [32]. The scientific community has dedicated considerable effort to improving
the accuracy of the WCM. Therefore, different versions of the WCM have been reported
in the literature, demonstrating a notable improvement in the simplified WCM under
corresponding assumptions [16,38,47,68,69]. Zhang et al. [21] suggested a modified version
of the WCM using the vegetation proportion based on the hypothesis that vegetation does
not cover pixels with the same proportion across the various growth stages. As a result, the
total backscattering signal was determined as the sum of the vegetation coverage fraction
contribution and the proportion of bare soil backscattering. The obtained soil moisture
retrieval results using artificial neural networks (ANNs) trained by X-band data yielded
maximum RMSE values of 4.3 vol.%, 4.6 vol.%, and 6.4 vol.% for the three corn growth
stages: emergence, trefoil, and jointing stages, respectively.

He et al. [47] proposed a modified WCM under relatively sparse vegetation conditions.
They separated the contributions of covered and underlying ground according to the
vegetation coverage fraction calculated as a function of the normalized difference vegetation
index. Consequently, using C-band SAR data, the backscattering coefficients modeled
with a modified version of the WCM achieved a higher sensitivity to patchy vegetation
conditions than did the simplified WCM. The RMSE value, characterizing the relationships
between the measured backscattering and predicated coefficients, decreased from 2.04 dB
to 1.40 dB and from 2.45 dB to 1.69 dB in HH and VV polarizations, respectively. This
approach provided a higher soil moisture estimation accuracy, and the RMSE values
were smaller than 3.4 vol.%. Bao et al. [16] proposed an improved WCM based on the
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Taylor approximation using Sentinel-1 data. Model validation yielded an RMSE value of
approximately 5.3 vol.% for soil moisture estimation.

Most studies have been developed to retrieve soil moisture using C- and X-band SAR
data rather than L-band data due to the limited availability of SAR data at the L-band
frequency. The Japan Aerospace Exploration Agency (JAXA) provides Advanced Land
Observing Satellite (ALOS) and ALOS-2 L-band images on request. In the near future,
the European Space Agency (ESA) will deploy the Radar Observing System for Europe–L-
band (ROSE-L) Mission for land and geohazard monitoring, where soil moisture retrieval
is one of the main objectives [70]. Therefore, actual scientific research should consider
the potential of L-band data to estimate soil parameters, such as the roughness and soil
moisture content.

Regarding covered fields, Zribi et al. [18] explored the potential of ALOS-2 L-band
data to estimate the soil moisture in tropical areas, as applied to turmeric and marigold
vegetation, thereby providing an accuracy lower than 8.7 vol.% and 11 vol.% in HH and
HV polarizations, respectively. In semi-arid areas, Ayari et al. [49] proposed an approach to
retrieve the soil moisture content in cereal fields using the NDV as a vegetation descriptor
in the WCM with L-band data rather than C-band data. The developed approach improved
the soil moisture estimation accuracy using L-band data in HV polarization, and the root
mean square error (RMSE) value was smaller than 7 vol.%, thus highlighting the potential of
the IEM-B model coupled with the WCM for soil moisture estimation in the HH polarization
case. Wang et al. [52] focused on WCM parametrization using L-band data as a vegetation
descriptor under VH polarization. The overall accuracy of soil moisture estimation was
improved, and the unbiased root mean squared error (ubRMSE) values on soil moisture
were smaller than 9.8 vol.% across different crop types (canola, corn, beans, and wheat).

Referring to the previously mentioned works, the L-band data potential for soil
moisture estimation should be explored within other contexts and assumptions. For
example, radar signal modeling across spatially heterogeneous agricultural fields remains
a challenge, as most approaches have been developed for homogeneous crop fields, such
as cereal fields. Furthermore, localized irrigation is a source of complexity in SAR signal
modeling and subsequent soil moisture estimation. In the case of drip irrigation, soil
moisture is not distributed homogeneously across the entire plot [71].

Hence, this work aims to compare the L-band and the C-band potentials for soil
moisture retrieval under the same conditions, i.e., locally irrigated heterogeneous crops
using a modified version of the water cloud model. This article is divided into five sections.
Section 2 describes the study zone and the dataset used, including satellite images, and
gathered data (soil properties and biophysical parameters) and presents the proposed
methodology for radar signal modeling and soil moisture estimation. Section 3 details the
results and discusses them and is divided into four parts: radar sensitivity to soil moisture
heterogeneity, radar sensitivity to heterogeneous vegetation cover parameters, calibration,
and validation of the modified WCM and sensitivity of the modified WCM to soil moisture.
Section 4 draws conclusions.

2. Materials and Methods
2.1. Study Site

The present study was carried out in a semi-arid area: the Merguellil Plain (9◦230–
10◦170 E, 35◦10–35◦550 N) in the Kairouan Plain, central Tunisia, as shown in Figure 1. The
Kairouan Plain is a flat landscape extending over 3000 km2 receiving approximately 300
mm of precipitation annually with a rainy season ranging from September to April and
a summer season with almost no rainfall. The temperature varies between 11 and 30 ◦C.
The Kairouan Plain water table is fed by surface infiltration and transferred from several
water tables, such as Bouhaffna, Haffouz-Chrichira and Ain El Bidha. The study area is
characterized by large, irrigated fields of cereal, olive tree and market garden crops [72].
As a result, the irrigation water demand increase has enhanced the pressure exerted on the
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aquifer, leading to overexploitation reflected by a decrease in the water level between 0.25
and 1 m per year [73].

Sensors 2022, 22, x FOR PEER REVIEW  4  of  24 
 

 

300 mm of precipitation annually with a rainy season ranging from September to April 

and a summer season with almost no rainfall. The temperature varies between 11 and 30 

°C. The Kairouan Plain water  table  is  fed by  surface  infiltration and  transferred  from 

several water tables, such as Bouhaffna, Haffouz‐Chrichira and Ain El Bidha. The study 

area  is  characterized by  large,  irrigated  fields of  cereal, olive  tree  and market garden 

crops [72]. As a result, the irrigation water demand increase has enhanced the pressure 

exerted on  the aquifer,  leading  to overexploitation reflected by a decrease  in  the water 

level between 0.25 and 1 m per year [73]. 

 

Figure 1. (a) Location of the study area in the Kairouan Plain at the center of Tunisia (red mark). (b) 

Reference pepper fields in the study area delimited by Sentinel‐2 images in yellow. Photos of se‐

lected pepper growth stages in the reference fields (c) leaf development stage (d) pepper crop rows 

during  leaf development  stage  (e)  flowering  stage  (f)  fruit development  stage  (g)  fruit  ripening 

stage. 

In the study area, pepper is a leading seasonal garden crop in the summer. For three 

months starting from June, reference fields soil is ploughed and fertilized to prepare seed 

beds. After  transplanting, pepper  seedlings were drip  irrigated. The drip  irrigation  is 

supplied by  lines of  irrigation  tape  and  spaced  emitters. Subsequently,  leaves  start  to 

develop until inflorescence emergence and flowering. Afterwards, the flowers transform 

to fruits. The mature peppers are harvested multiple times until the senescence of pepper 

plants.   

   

Figure 1. (a) Location of the study area in the Kairouan Plain at the center of Tunisia (red mark).
(b) Reference pepper fields in the study area delimited by Sentinel-2 images in yellow. Photos of
selected pepper growth stages in the reference fields (c) leaf development stage (d) pepper crop rows
during leaf development stage (e) flowering stage (f) fruit development stage (g) fruit ripening stage.

In the study area, pepper is a leading seasonal garden crop in the summer. For three
months starting from June, reference fields soil is ploughed and fertilized to prepare seed
beds. After transplanting, pepper seedlings were drip irrigated. The drip irrigation is sup-
plied by lines of irrigation tape and spaced emitters. Subsequently, leaves start to develop
until inflorescence emergence and flowering. Afterwards, the flowers transform to fruits.
The mature peppers are harvested multiple times until the senescence of pepper plants.

2.2. Dataset Description
2.2.1. Satellite Images

(a) Optical data: Sentinel-2

After the launch of Sentinel-2 (S-2) A and B on 23 June 2015 and 7 March 2017,
respectively, optical data became free and open access with a spatial resolution varying
between 10 m ×10 m and 60 m × 60 m, and a revisit time of up to 5 days in 13 spectral
bands at visible and mid-infrared wavelengths. In the present study, we used S-2 surface
reflectance products downloaded from the Theia site (https://www.theia-land.fr/, accessed
on 8 January 2022), already orthorectified and atmospherically corrected with a mask of
clouds and shadows owing to the MAJA algorithm.

https://www.theia-land.fr/


Sensors 2022, 22, 580 5 of 23

On each acquisition date and using red visible and near infrared bands with center
wavelengths of approximately 665 and 833 nm, respectively, we calculated the NDVI and av-
eraged this index for each reference field as expressed in the following equation [18,44,74,75]:

NDVI =
RNIR − RRed
RNIR + RRed

(1)

where RNIR and RRed are the surface reflectance in the two bands, near infrared and red
visible, respectively [76].

Figure 2 describes the evolution of NDVI values during the summer season over
one pepper field. NDVI values are varying between 0.16 and 0.38 corresponding to the
development of pepper plant leaves and fruit ripening, respectively, starting from June
until the middle of July. NDVI values decrease to 0.34 corresponding to the first fruit
harvest date. Afterwards, NDVI values oscillate between 0.34 and 0.58 where minimum
values mark harvest events as identified by red arrows in the figure accompanied with
manual weedings.
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Figure 2. Normalized difference vegetation index (NDVI) values evolution during the summer
season of 2020 over a pepper reference filed in the Kairouan Plain where red arrows indicate pepper
harvest accompanied by hand weeding.

(b) SAR data

• Sentinel-1

Eight C-band SAR images were acquired by Sentinel-1 A (S-1 A) and B (S-1 B) constel-
lation between June and August 2020 over the study area, as described in Table 1. Sentinel-1
data are produced as ground range-detected (GRD) data and generated in the interfero-
metric wide-swath (IW) mode. Owing to the launch of Sentinel-1 A and B sensors, C-band
data are available in vertical-vertical (VV) and vertical-horizontal (VH) polarizations at an
incidence angle of approximately 39◦ for the Kairouan plain site, with a spatial resolution
of 10 m × 10 m and a revisit time of up to 6 days. In regard to the S-1 products, several
processing steps were carried out involving thermal noise removal, radiometric calibration,
terrain correction based on a Shuttle Radar Topography Mission (SRTM) digital elevation
model (DEM) with a 30 m resolution and speckle filtering with a Lee filter.
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Table 1. Available synthetic aperture radar (SAR) image characteristics acquired in 2020 by Advanced
Land Observing Satellite-2 (ALOS-2) in Horizontal-Horizontal (HH) and Horizontal-Vertical (HV)
polarizations and Sentinel-1 A (S-1 A) and B (S-1 B) in Vertical-Vertical (VV) and Vertical- Horizontal
(VH) polarizations.

Date Incidence Angle Sensor Polarization
Scheme

Ascending/
Descending

State

8 June 2020 32.5◦ ALOS-2 HH + HV Descending
17 June 2020 39◦ S-1 A VV + VH Ascending
22 June 2020 32.5◦ ALOS-2 HH + HV Descending
24 June 2020 39◦ S-1 B VV + VH Descending
5 July 2020 39◦ S-1 B VV + VH Ascending
6 July 2020 39◦ S-1 B VV + VH Descending

20 July 2020 32.5◦ ALOS-2 HH + HV Descending
23 July 2020 39◦ S-1 A VV + VH Ascending

3August 2020 32.5◦ ALOS-2 HH + HV Descending
4 August 2020 39◦ S-1 A VV + VH Ascending

16 August 2020 39◦ S-1 A VV + VH Ascending
17 August 2020 32.5◦ ALOS-2 HH + HV Descending
17 August 2020 39◦ S-1 A VV + VH Descending

Figure 3 shows the temporal variation of Sentinel-1 data for one pepper field during
acquisition dates as a function of precipitations recorded by the climatic station of Sidi Ali
Ben Salem. According to Figure 3, one rainfall event of approximately 1.7 mm was recorded
on 27 June 2020 along the acquisition chronology. Between 5 July 2020 and 4 August 2020,
slight variations characterize the temporal evolution of C-VV and C-VH data. Starting
from 4 August 2020 to 28 August 2020, C-VV decreased by 3.11 dB when rainfall was
absent. From 4 August 2020 to 16 August 2020, C-VH evolution is rather stable, with
small oscillations.
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Figure 3. C-band Sentinel-1 backscattering coefficients (sigma) in dual-polarization VV and VH at
an incidence angle of 39◦ and the precipitation quantity temporal evolutions during June, July, and
August 2020.

• ALOS-2

Advanced Land Observing Satellite-2 (ALOS-2) images are acquired at the L-band fre-
quency by the Phased Array Synthetic Aperture Radar (PALSAR). According to Table 1, five
ALOS-2 SAR images were obtained in the stripmap mode between June and August 2020
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over the study area. Radar images were available in dual polarizations, i.e., horizontal-
horizontal (HH) and horizontal-vertical (HV), at an incidence angle of 32.5◦ for the study
zone with a spatial resolution of 6 m × 6 m and a revisit cycle of 14 days. Radiometric
calibration was performed based on the available data to transform digital values into
backscattering coefficients on a linear scale. Georeferencing of ALOS-2 data was carried
out through a control points method, as detected using NDVI images calculated from
Sentinel-2 optical data with a root mean square (RMS) control point error smaller than
0.5 pixels [18,49].

Figure 4 shows the temporal behavior of the ALOS-2 signal as function of recorded
precipitations. Three rainfall events marked the chronology on 8 June 2020, 9 June 2020 and
27 June 2020 with by low intensities of 3.41 mm, 0.4 mm, and 1.6 mm, respectively. Between
8 June 2020 and 22 June 2020, the L-HH signal decreased by 0.61 dB and L-HV increased
by 1.46 dB. L-band sigma increased by 1.96 and 2.13 dB for L-HH and L-HV, respectively,
from 22 June 2020 to 20 July 2020. During precipitation absence between 20 July 2020 and
17 August 2020, ALOS-2 signal increased by 1.90 dB in HH polarization and by 1.14 dB in
HV polarization. Due to the limited number of ALOS-2 acquisitions, the interpretation of
L-band signal temporal behavior remains complicated in the present case. According to
Figures 3 and 4, we can notice the absence of correlations between SAR data evolutions
and rainfalls because signals are lower in accordance with precipitations. In this case, the
presence of irrigations probably affects the SAR signal more than rainfall.
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Figure 4. L-band ALOS-2 backscattering coefficients (sigma) in dual-polarization HH and HV at
an incidence angle of 32.5◦ and precipitation quantity temporal evolutions during June, July, and
August 2020.

2.2.2. In Situ Measurements

During S-1 and ALOS-2 acquisitions (between June and August 2020), data gathering
campaigns were conducted in seven irrigated reference pepper fields in the Sidi Ali Ben
Salem area in the Kairouan Plain. Reference fields were considered to measure soil sur-
face properties (roughness and soil moisture) and vegetation parameters (leaf area index,
fraction cover and height of vegetation cover). The surface area of these fields varied
between 1 and 2.6 ha. As shown in Figure 5, the pepper coverage is heterogeneous with a
directional vegetation structure. Each pepper field comprised vegetation rows with local
drip irrigation. An approximate distance of 0.35 m separated two pepper plants within one
row. The inter-row spacing was 1 m and consisted of bare soil.
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Figure 5. Pepper reference field architecture: delineation of the bare soil and vegetation parts, where
the green spots represent pepper plants and the black lines represent the irrigation tape, based on
ground truth scaling and illustrations.

(a) Soil moisture (Mv)

In the row crop case with drip irrigation, the soil moisture spatial pattern is hetero-
geneous: the water content in the soil below vegetation is different from that in the bare
soil part. As a result, soil moisture measurements were performed at a depth of 5 cm and
with a hand-held Theta probe in each test field at 10 points randomly chosen in the bare
soil part and 10 points in the soil part below vegetation. The moisture measurements were
completed within two hours separating the measurements and the satellite overpass time.

Within this context, we obtained soil moisture measurements collected over bare
soils, namely, inter-row soil moisture Mvinter-row varying between 4.9 vol.% and 31.4 vol.%,
and soil moisture measurements collected over the underlying pepper plants soil, namely
Mvveg-row fluctuating between 5.6 vol.% and 32.1 vol.%, during all campaigns, as detailed
by the minimum and the maximum values in Table 2. The inter-rows moisture is impacted
exceptionally by water loss from irrigation systems which increase the soil moisture values.

Table 2. The minimum and maximum values of in situ measurements during the data gathering
campaign in 2020. Root mean square surface height Hrms, correlation length Lc, soil moisture
Mv (inter-row soil moisture Mvinter-row and vegetation-influenced moisture Mvveg-row) and pepper
parameters (height, Leaf Area Index (LAI), and cover fraction (Fc)).

Date
Measurements

Hrms
(cm) Lc (cm) Mvinter-row (vol.%) Mvveg-row(vol.%) Height (m) LAI

(m2/m2) Fc

8 June 2020 [1.84–2.54] [2.98–7.40] [4.90–6.10] [12.50–17.50] [0.19–0.40] [0.15–0.18] [0.20–0.33]
17 June 2020 [1.84–2.54] [2.98–7.40] [5.70–10.70] [9.40–23.50] - - -
22 June 2020 - - [5.50–21.10] [5.60–27.60] [0.17–0.41] [0.07–0.56] [0.08–0.43]
24 June 2020 - - [5.50–21.10] [5.60–27.60] [0.17–0.41] [0.07–0.56] [0.08–0.43]
5 July 2020 [1.50–2.54] [2,98–7.40] [5.80–27] [6.80–28.50] [0.22–0.42] [0.20–0.45] [0.20–0.50]
6 July 2020 - - [5.80–27] [6.80–28.50] [0.22–0.42] [0.20–0.45] [0.20–0.50]
20 July 2020 [1.50–2.54] [2.98–7.40] [6.40–31.40] [8.90–30.90] [0.27–0.55] [0.30–0.71] [0.21–0.38]
23 July 2020 [1.50–2.54] [2.98–7.40] - - [0.22–0.56] [0.32–0.71] [0.25–0.38]

3August 2020 [1.50–2.54] [2.98–7.40] [6.80–24.10] [9.80–31] [0.35–0.63] [0.38–0.90] [0.33–0.46]
4 August 2020 - - [6.80–20.10] [9.80–31] - - -
16 August 2020 [1.50–2.54] [2.98–7.40] [5.30–29.50] [10.80–32.10] [0.39–0.64] [0.50–1.75] [0.17–0.46]
17 August 2020 - - [5.30–29.50] [10.80–32.10] [0.39–0.64] [0.50–1.75] [0.17–0.46]

For each reference field, we calculated an average soil moisture value based on the
hypothesis that bare soil, characterized by Mvinter-row, covered the proportion α of the
field area and 1 − α was covered by rows of pepper plants equipped by irrigation tapes,
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characterized by Mvveg-row. Consequently, the average soil moisture value at the field scale
was calculated with the following expression:

Mv = α× Mvinter-row + (1 − α)× Mvveg-row (2)

According to the ground truth observations, we estimated that 15% of the field area
is covered by irrigation tapes and emitters. The rest of the area, which is equal to 85%,
receives irrigation water through water transfers in the soil. As a result, the measured soil
moisture is the result of the contribution of soil moisture next to the emitters and 85% of
the soil moisture off the irrigation zone. Therefore, in the present study, we consider that α
is equal to 0.85.

(b) Soil roughness

The soil roughness was characterized with a 1 m pin profiler exhibiting a pin spacing
of 2 cm using six roughness profiles (three perpendicular and three parallel to the inter-row
tillage direction). These profiles were digitized to calculate statistical parameters of the soil
roughness, namely, the root mean square of the height (Hrms) and correlation length (Lc),
as mentioned in [44,49]. Hrms varied between 1.5 and 2.54 cm, and the Lc value varied
between 2.98 and 7.40 cm.

(c) Vegetation height (H)

During SAR data acquisition, as indicated in Table 2, 20 measurements of the pepper
height (H) were obtained in each reference field on each date. The vegetation height could
reach a maximum value of 0.64 m.

(d) Vegetation cover fraction (Fc) and Leaf area index (LAI)

In various studies, the vegetation cover fraction has been calculated as a function of
the NDVI derived from optical images with the dimidiate pixel model (DPM) [77]. In the
present work, we estimated the LAI and vegetation cover fraction for each pepper field
through 20 hemispherical digital images, as mentioned in [44,49,74].

The LAI value varied from 0.07 to 1.75. The pepper cover fraction (Fc) value fluctuated
across the various growth stages between 0.1 and 0.5, covering the four pepper phenological
stages starting with vegetative growth at the end of June, followed by flowering, fruit
setting and fruit formation. Figure 6 represents the evolution of Fc and H measured over
a pepper reference field where harvest event dates were different to the chosen fields in
Section 2.2.1 (a). According to Figure 6, the highest values were observed at the flowering
and fruit setting stages when the pepper plants reached the maximum leaf growth level.
The lowest values characterized fruit harvest events accompanied by hand weeding.
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2.3. Methodology

In the present section, we detail the adopted methodology to simulate the L-HH and
C-VV SAR signal over covered vegetation fields. The reference fields are characterized by
spatial heterogenous vegetation coverage which lead to inter-pixel heterogenous spatial
repartition of the soil moisture. Therefore, we used a modified version of WCM to consider
the different component of pepper fields. The modified WCM is coupled with IEM-B to
simulate SAR signal over bare soil.

2.3.1. Modified Water Cloud Model (WCM)

Attema and Ulaby in 1978 [39] proposed a semi-empirical model, the WCM, as a
first-order approximation of the radiation transferred from vegetation canopies by con-
sidering that the vegetation response to radar signals consists of effects attributed to soil
and the vegetation cover [31,78]. In regard to radar signals (in pq polarization), the total
backscattering

(
σ0

total, pq

)
comprises the vegetation contribution (σ0

veg, pq), soil contribu-

tion attenuated by vegetation (τ2σ0
soil, pq) and soil-vegetation term

(
σ0

soil-veg,pq

)
, which has

been mostly neglected. As a result, the WCM is expressed with the following equations
(Equations (3)–(5)):

σ0
total, pq = σ0

veg,pq + τ2σ0
soil,pq (3)

τ2 = exp(−2 × B × V1 × sec θ) (4)

σ0
veg,pq = A × V2 × cos θ ×

(
1 − τ2

)
(5)

where A and B are parameters that depend on the characteristics of the vegetation canopy
and SAR configurations and V1 and V2 are vegetation descriptors.

As mentioned above, parameters V1 and V2 have been determined based on vegeta-
tion parameters. Several works have particularly considered information retrieved from
optical data to characterize these parameters, especially the NDVI [43,44,49].

The NDVI values were averaged for each pepper reference field characterized by
vegetation rows separated by 1 m of bare soil. Consequently, the calculated NDVI values
were affected by bare soil describing the total field and not only the vegetation such
in homogeneous vegetation cover cases. Additionally, LAI measurements expressed the
surface leaf of pepper seedlings per unit of soil area. In a spatial heterogeneous case, the soil
area contribution is present and dominates the vegetation presence in the hemispherical
photos. In this context, for the present study case, we propose to use the vegetation
height as the parameter to describe the cover dynamics outside the bare soil zone. Thus,
we consider V1 = V2 = H in this study as pepper descriptor without the bare soil part.
In fields with vegetation crop rows, the above simplified version of the WCM, initially
proposed for homogenous regions, is not applicable due to the heterogeneous spatial
distribution of pepper plants. Hence, [21,47] introduced ancillary information on the
vegetation fraction (Fc). Consequently, the vegetation contribution in the WCM was
delineated by the cover fraction.

In the study case involving the pepper field organization, we considered a combination
of two contributions. The first contribution σ0

veg-row, pq is that of the pepper row weighted
by the cover fraction (Fc), and the other contribution σ0

inter-row,pq is that of inter-rows of the
pepper part, weighted by (1 − Fc):

σ0
field,pq = Fc × σ0

veg-row,pq + (1 − Fc)× σ0
inter-row,pq (6)

where σ0
inter-row,pq is the bare soil backscattering term separating two pepper rows simulated

with IEM-B and σ0
veg-row, pq is the total contribution of the vegetation rows.

The total contribution of pepper rows σ0
veg-row, pq is the sum of the first term σ0

veg,qp rep-
resenting the volume scattering contribution of the vegetation and the soil effect attenuated
by the vegetation cover σ0

bare-soil,pq. The bare soil scattering term is divided into two terms:
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the first term σ0
under-veg corresponds to the irrigated area (under peppers seedlings locally

irrigated), and the second term σ0
inter-veg corresponds to the non-irrigated area. This last

one is around pepper plants and separating two successive peppers seedlings, relatively far
from water emitters and consequently non-irrigated. These two contributions σ0

under-veg

and σ0
inter-veg are weighted according to the corresponding fractions. As specified above,

the locally irrigated area is approximately covering 0.15 m2 per one m2 ( 0.15
Fc ) of the row

crop area. Therefore, the pepper row vegetation contribution is expressed as:

σ0
veg-row,qp = σ0

veg,qp + τ2σ0
bare-soil,pq (7)

σ0
veg-row,qp = σ0

veg,qp + τ2(
0.15
Fc

× σ0
under-veg +

Fc − 0.15
Fc

× σ0
inter-veg) (8)

where σ0
under-veg and σ0

inter-veg are simulated with the IEM-B model.

2.3.2. Integral Equation Model Modified by Baghdadi (IEM-B)

Several models have been employed to relate soil properties to the backscattering
process, such as the physics-based integral equation model proposed by [79]. The IEM
simulates electromagnetic wave scattering from a randomly rough surface using radar
sensor characteristics as inputs (frequency, polarization, and incidence angle) and a height
autocorrelation function (exponential or Gaussian). Despite the satisfactory accuracy of
the IEM in SAR signal behavior simulation across bare soil regions over other empiri-
cal and semi-empirical models, the roughness description parameter Lc exhibits some
measurement incertitude.

Therefore, references [80–83] proposed an updated version of IEM, namely IEM-B, by
replacing the Lc parameter with the fitting parameter Lopt as a function of the Hrms value
and radar parameters (polarization and incidence angle θ). In this paper, we adopted the
IEM-B model to generate bare soil backscattering values employing calibrated correlation
lengths in the C-band in VV polarization (C-VV) and the L-band in HH polarization (L-HH),
as expressed in Equations (9) and (10), respectively:

Lopt(Hrms, θ, CVV) = 1.281 + 0.134 × (sin(0.19 × θ))−1.59 × Hrms (9)

Lopt(Hrms, θ, LHH) = 2.6590 × θ−1.4493 + 3.0484 Hrms × θ−0.8044 (10)

where θ is the incidence angle in degrees in Equation (9) and θ is the incidence angle in
radian in Equation (10) and Lopt and Hrms are expressed in cm. The formulation of Lopt
was obtained with the Gaussian correlation function.

2.3.3. Statistical Precision Parameters

Linear correlation coefficient R was adopted to evaluate the strength of the linear rela-
tionships between the radar signals and in situ measurements, as expressed in Equation (11).
To assess the accuracy of model calibration and validation, we considered the root mean
square error (RMSE) and bias, as expressed in Equations (12) and (13), respectively:

R =

√
(∑N

i (xi − x)(yi − y))2

∑N
i (xi − x)2 ∑N

i (yi − y)2 (11)

Bias =
1

N ∑N
i=0(xi − yi) (12)

RMSE =

√
1
N ∑N

i=0(xi − yi)
2 (13)
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where xi and yi are the values of individual samples collected at points indexed with sample
number i in Equation (11). xi and yi are the predicted and measured values, respectively,
of sample i among N total data samples in Equations (12) and (13).

3. Results
3.1. Radar (Advanced Land Observing Satellite-2 (ALOS-2) and Sentinel-1) Sensitivity to
Soil Moisture

In this section, we evaluate the influence of soil moisture on the L- and C-band radar
signals at the different pepper growth stages, where the pepper height value varies between
0.17 and 0.64 m, the LAI value fluctuates between 0.07 and 1.75 and Fc is less than 0.5. The
objective is to conduct a preliminary analysis to detect possible soil moisture effects in
high-heterogeneity context of soil moisture and vegetation cover. Figure 7 shows the linear
relationships between the ALOS-2 and Sentinel-1 data and soil moisture values calculated
as mentioned in the second section based on Equation (2). Regarding the C-band data,
we observe a limited correlation between radar data and soil moisture. The correlation
coefficient values throughout the pepper growth cycle are lower than 0.49, revealing the
limited sensitivity of the C-band to soil moisture, with a slope value varying between
0.06 dB/vol.% and 0.08 dB/vol.% in VV and VH polarizations, respectively.
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Figure 7. ALOS-2 and Sentinel-1 data as a function of soil moisture: L-band in (a) HH and (b) HV
polarizations and C-band in dual-polarizations (c) VV and (d) VH.

The initial results confirm the sensitivity of the L-band data to the average soil moisture.
The sensitivity of the radar signals to soil moisture is approximately identical between the
HH and HV polarizations, at 0.16 dB/vol.% and 0.18 dB/vol.%, respectively. However,
the correlation is much stronger in the case of HH data. This can be explained by the
volume scattering effect of the vegetation cover, which is much greater in the case of
cross-polarization.
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3.2. Radar (ALOS-2 and Sentinel-1) Sensitivity to Vegetation

Figure 8 presents the linear relationships between the SAR signals and pepper bio-
physical parameters, i.e., vegetation height, and LAI. A high correlation characterizes the
L-band data as a function of the vegetation height. The correlation coefficients range from
0.80 to 0.73 in the L-HV and L-HH configurations, respectively, with lower correlation
coefficient values for the Sentinel-1 data varying between 0.6 and 0.46 in the C-VH and
C-VV configurations, respectively.
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Figure 8. SAR signals as a function of biophysical vegetation parameters: L-band data as function of
(a) H and (b) LAI and C-band data as function of (c) H and (d) LAI.

Regarding the LAI parameter, radar sensitivity increases from 2.11 dB.m2/m2 to
3.08 dB.m2/m2 using L-HH and L-HV, respectively. C-band sensitivity increases from
0.86 dB.m2/m2 in VV polarization to 2.42 dB.m2/m2 in VH polarization. We also observe
some sensitivity in the L-HH, L-HV, C-VV and C-VH configurations but with low R values
of 0.55, 0.51, 0.39 and 0.68, respectively. This could be explained by the fact that LAI
information is mainly related to the upper canopy layer and corresponds to a mean value
comprehensively without reflecting the heterogenous spatial vegetation cover.

The vegetation height information reflects the canopy structure the most. Therefore,
the L-band exhibits a higher sensitivity to this parameter (7.47 dB/m and 12.92 dB/m for
HH and HV polarizations, respectively) thanks to its greater wave penetration.

The C-band sensitivities to vegetation height vary between 2.85 dB/m and 5.97 dB/m
for VV and VH polarizations, respectively. Within all contexts, a higher sensitivity to vege-
tation of the cross-polarization signals in the L-band or C-band is observed. This is related
to their notable response to vegetation volume scattering. The abovementioned results
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emphasize the higher sensitivity of the SAR data in the cross-polarization configuration
than that in the co-polarization configuration (L-HH and C-VV), as mentioned in [84].

The comparison between the L- and C-band behaviors reveals that the radar signals
increase with increasing pepper development, as manifested by the increase of radar signal
as function of H and LAI. Macelloni et al. [85] exanimated low-frequency radar behavior
in covered fields as a function of the crop leaf nature, where L- and C-band SAR data
increased as a function of the LAI for broad-leaf crops and decreased for narrow-leaf crops.

The same behavior was observed in previous studies using C-band [44,49,86] and
X-band SAR data [63]. According to the results obtained, we investigated and analyzed
the potential of co-polarized SAR data, namely, HH polarization data in the L-band and
VV polarization data in the C-band, to limit the volume scattering effect on soil moisture
retrieval in the following sections.

3.3. Calibration and Validation of the Modified WCM

In this section, we simulate the radar signal behavior in pepper fields through calibra-
tion and validation of the proposed model, as expressed in Equations (4) and (5). Based
on the radar sensitivity results in Section 3.2, we adopt the vegetation height as a pepper
descriptor in the following sections.

Modified WCM calibration and validation were carried out through the threefold
cross-validation method due to the limited data samples (30 samples for L-band data and
32 samples for C-band data). This method consisted of a resampling procedure starting
with random shuffling of the dataset followed by splitting into three partitions of equal size.
With each partition, we calibrated the proposed model on 2/3 of the whole dataset, and
we validated the model against 1/3 of the dataset. In each step, we evaluated the method
performance by calculating the statistical parameters of the bias and RMSE.

Hence, A and B were calibrated three times. We only retained the most accurate
calibration results in the subsequent steps. The A parameter values varied between 0.27
and 0.5 and B values fluctuated between 0.5 and 2.68, for L-HH and C-VV, respectively.
The best WCM calibration performance was characterized by RMSE values ranging from
0.58 dB to 1.33 dB for the C-VV and L-HH data, respectively. The slightly higher RMSE in
the L band could be explained by a greater roughness effect and surely a greater sensitivity
to the entire canopy structure at this frequency band.

Figure 9 shows the validation results with an intercomparison of the SAR signals
and backscattering coefficient model simulations. The RMSE value ranges from 1.26 dB
to 1.54 dB, and the bias value fluctuates between −0.08 dB and 0.29 dB for the C-VV and
L-HH data, respectively.
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3.4. Radar Backscattering Simulations with the Modified WCM

In this section, we analyze the behavior of the backscattering coefficient as function of
soil moisture using the calibrated modified WCM in the case of pepper fields, considering a
large range of vegetation and soil conditions: bare soil moisture ranging from 5 to 40 vol.%,
underlying soil moisture ranging from 10 to 40 vol.%, pepper height ranging from 0.1 to
0.7 m, and vegetation cover fraction ranging from 0.1 to 0.6. Table 3 summarizes all these
parameters values. In this case, the soil moisture variation is principally controlled by
irrigation and rainfall events. For instance, the increase in bare soil moisture is induced by
rainfall, which generally increases the field average soil moisture content in the bare soil and
pepper-covered soil parts. Furthermore, irrigation events increase the vegetation-influenced
soil moisture. Therefore, we assume that the bare soil moisture level is always equal to or
lower than the pepper plant-influenced soil moisture level to ensure the representativeness
of the proposed model simulations.

Table 3. The parameter values variation used in model simulation: soil moisture (vol.%) and pepper
parameters (height and cover fraction Fc).

Parameter Values

Soil moisture Mvinter-row (vol.%) 5, 10, 20, 30, 40
Mvveg-row (vol.%) 10, 20, 30, 40

Biophysical parameters Height (m) 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7
Fc 0.1, 0.2, 0.3, 0.4, 0.5, 0.6

In all simulations, we consider the hypothesis of constant roughness parameters
(Hrms = 0.8 cm and Lc = 5 cm) as input into the IEM-B model to minimize the roughness
effect. The principle of this analysis encompasses fixing a given condition and varying the
other conditions to evaluate the slope of the linear relationships between soil moisture and
modeled backscattering coefficients in the L-HH and C-VV configurations. We simulate the
SAR backscattering coefficients with constant values of the cover fraction. At each value
of the pepper coverage fraction, we varied the vegetation height level and recorded the
slope (dB/vol.%).

To better investigate the model sensitivity with vegetation parameter variation, we
generated 3D surface scatter plots of the modified WCM sensitivity to the different soil
moisture values according to the above established linear relationships as a function of the
cover fraction and vegetation height (Figure 10) under different soil moisture conditions.
With the use of L-HH data (Figure 10a), a high sensitivity was found at a low vegetation
cover fraction and small height despite the smaller slope values starting at a height of 0.5 m
and an Fc value of 0.4. Regarding C-VV data (Figure 10b), the model sensitivity decreased
from 0.2 dB/vol.% at low Fc and H values to 0 dB/vol.% at an Fc value of 0.3 and a pepper
height of 0.3 m.

To further investigate the evolution of model sensitivities as function of vegetation
height and cover fraction, we have chosen to present 2D profiles extracted from Figure 10
where Fc values are equal to 0.1, 0.3 and 0.6. At each constant value of Fc, we scatterplot,
the proposed model sensitivity to soil moisture as function of pepper height using the SAR
data (L-HH and C-VV) under inter-row soil moisture values equal to 5 vol.%, 20 vol.% and
40 vol.% (Figure 11).
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Figure 11. Scatterplots of the modified WCM sensitivities to soil moisture as a function of the pepper
vegetation height (H) using L-HH and C-VV data in three different contexts of inter-rows soil moisture
(5 vol.%, 20 vol.% and 40 vol.%) with constant values of cover fraction (a) Fc = 0.1, (b) Fc = 0.3 and
(c) Fc = 0.6.
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Figure 11a represents simulation results when cover fraction is equal to 0.1 in different
soil moisture contexts. Globally, the model sensitivities decrease as function of pepper
height increase. Using L-HH data, the model sensitivities vary from 0.25 to 0.10 dB/vol.%.

Using C-VV data, the simulation slope fluctuates between 0.17 dB/vol.% and 0 dB/vol.%.
For a vegetation height equal to 0.1 m, L-HH sensitivities vary from 0.25 to 0.05 dB/vol.%
regarding a slope between 0.17 and 0.03 dB/vol.% using C-VV for Mvinter-row values equal
to 5 and 40 vol.%, respectively. When the vegetation height increases to 0.4 m, L-HH sensi-
tivity still higher than 0.1 dB/vol.% for inter-row soil moisture equal to 5 vol.%, regarding
slopes lower than of 0.03 dB/vol.% for C-VV case under the different Mvinter-row contexts.

Pepper height reaches its maximum at 0.7 m. For this case, L-HH signal slopes vary
from 0.05 dB/vol.% to 0.01 dB/vol.% regarding zero values for C-VV simulations. With the
increase of pepper’s height, the dynamic of model sensitivities, using L-HH data, decreases
from 0.20 dB/vol.% to 0.04 dB/vol.% for H values equal to 0.1 m and 0.7 m, respectively.
We notice low sensibility characterizing C-VV simulations where sensitivity decrease from
0.14 dB/vol.% to be null, for vegetation heights equal to 0.1 m and 0.7 m, respectively.
Under low vegetation cover fraction (Fc = 0.1), the comparison between L-HH and C-VV
simulation results reveals that the modified WCM, using L-HH data, remains sensitive
to soil moisture as function of the increase pepper height and the inter-rows soil water
content. However, the proposed model using C-VV becomes insensitive to soil moisture
with the vertical development of pepper plants. This C-band behavior is induced from a
strong attenuation of the signal over peppers.

According to the Figure 11b, the same trends were noticed for L-HH and sensitivities
as shown in the Figure 11a but with a lower sensitivity dynamic for a Fc value equal to
0.3. Using L-HH data, the slope variation is between 0.19 dB/vol.%, 0.05 dB/vol.% and
0.01 dB/vol.% when H values are equal to 0.1 m, 0.4 m, and 0.7 m, respectively, under
three contexts of the inter-row soil moisture. Using C-VV data, sensitivity dynamic starts
from 0.13 dB/vol.% to be 0.01 dB/vol. % and then null for three H values equal to 0.1 m,
0.4 m, and 0.7 m, respectively. Figure 11c shows the scatterplot of the model sensitivities as
function of pepper height where cover fraction is equal to 0.6 under the different context of
inter-row soil moisture. The sensitivity to soil moisture fluctuates between 0.23 dB/vol.%
and 0.01 dB/vol.% for L-HH data and between 0.16 dB/vol.% and 0.03 dB/vol.% for C-VV
data, for a vegetation height value equal to 0.1 m and Mvinter-row values varying between
5 and 40 vol.%. With the increase of pepper height, sensitivity variation, using C-VV,
decreases to be null where H values reach 0.4 m.

The examination of the three profiles reveals the following conclusions. The modified
WCM sensitivity decreases as function of the increase of pepper biophysical parameters:
vertically (pepper height) and horizontally (cover fraction) and inter-row soil moisture
values. For constant values of cover fraction values, the dynamics of the sensitivity to soil
moisture decreases as function of the increase of pepper height. This decrease may indicate
the domination of bare soil the total backscattering mechanism until the pepper height
reaches the value of 0.3 m for the C-VV signal and 0.5 m for the L-HH signal. Subsequently,
vegetation backscattering contribution increases with the pepper growth regarding the
decrease of bare soil impact.

The comparison of simulation results underlines that model sensitivity based on C-VV
data decreases more rapidly than does that based on L-HH data as a function of the pepper
cover fraction and height and the soil water content. The L-HH data sensitivity declines
and remains relatively higher than the C-VV data sensitivity given the same values of
Fc and H. The aforementioned results also highlight the potential of the modified WCM
to simulate SAR signals in the pepper reference fields. Conversely, the proposed model
potential should be further explored considering other heterogeneous plants under drip
irrigation via a comparison to the present study.
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4. Conclusions

This study proposes an analysis of the potential of SAR data for soil moisture retrieval
in drip-irrigated pepper fields in semiarid areas at the center of Tunisia, i.e., the Kairouan
Plain, using L- and C-band SAR data. By considering that 15% of the field area is influenced
by drip irrigation and that the remaining area is dominated by non-irrigated bare soil,
we analyzed the sensitivity of radar signal to the weighted soil moisture content (Mv).
According to the initial sensitivity analysis to detect possible soil moisture effects under a
high soil moisture heterogeneity where the pepper height varied between 0.17 and 0.64 m,
the LAI value fluctuated between 0.07 and 1.75 and Fc was lower than 0.5, the results
revealed that the L-HH data were more sensitive than were the C-VV data to the soil water
content. The sensitivity decreased from 0.16 dB/vol.% in L-HH case to 0.06 dB/vol.%
using C-VV. Regarding cross-polarized data, volume scattering generated noise, which
impacted the sensitivity of SAR signal where R values were lower than 0.48 for both the
L-HV and C-VH data. The radar signal sensitivity was investigated as a function of two
pepper biophysical properties: vegetation height and LAI.

Radar signal sensitivity analysis of these pepper biophysical parameters revealed a
high correlation of the linear relationships between the SAR data and vegetation height
compared to the LAI parameter. Based on the results, we proposed a modified version of
the WCM. In this model, we considered the vegetation height as a vegetation descriptor and
we used the cover fraction to separate the backscattering mechanisms of the bare soil and
vegetation row parts. To simulate SAR signals, the suggested model parameters required
calibration and validation via the three-fold cross-validation method. The best calibration
RMSE values ranged from 0.58 dB for the C-VV data to 1.33 dB for the L-HH data. The
validation accuracy parameters, namely, the bias and RMSE, varied between 0.29 dB and
1.54 dB for the L-HH data and between −0.08 dB and 1.26 dB for the C-VV data.

We evaluated the sensitivity of the suggested model to soil moisture. The results
highlighted the potential of the modified version of the WCM to simulate ALOS-2 and
Sentinel-1 signals over inter-pixel heterogenous soil moisture context. This potential is
impacted by the inter vegetation rows moisture content and the variation of vegetation
biophysical parameters (pepper height and vegetation cover fraction). Using L-HH data,
the proposed model remained sensitive to soil moisture where sensitivity values vary
between 0.25 dB/vol.% and 0.08 dB/vol.% at a vegetation height and a cover fraction
values less than 0.5 m and 0.4, respectively, where inter-row soil moisture value is equal
to 5 vol.%. Under the same soil moisture context, the model sensitivity, using C-VV data,
decreased from 0.17 dB/vol.% to 0.08 dB/vol.% at a vegetation height less than 0.3 m and a
cover fraction value lower than 0.3. The aforementioned vegetation biophysical parameters
thresholds vary as function of the inter-row vegetation soil moisture contexts.

One of the limitations of the proposed semi-empirical approach is its dependence on
the database used and the study objectives. Hence, the suggested approach should be tested
at other sites. The inversion process of the modified WCM coupled with the IEM-B model
for soil moisture retrieval purposes is complex to realize. Therefore, machine-learning
algorithms, such as artificial neural networks (ANNs), will be applied in future work to
estimate the soil water content.
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