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Abstract: This study aims to efficiently estimate the crop water content of winter wheat using
high spatial and temporal resolution satellite-based imagery. Synthetic-aperture radar (SAR) data
collected by the Sentinel-1 satellite and optical imagery from the Sentinel-2 satellite was used to
create inversion models for winter wheat crop water content, respectively. In the Sentinel-1 approach,
several enhanced radar indices were constructed by Sentinel-1 backscatter coefficient of imagery,
and selected the one that was most sensitive to soil water content as the input parameter of a water
cloud model. Finally, a water content inversion model for winter wheat crop was established. In the
Sentinel-2 approach, the gray relational analysis was used for several optical vegetation indices
constructed by Sentinel-2 spectral feature of imagery, and three vegetation indices were selected for
multiple linear regression modeling to retrieve the wheat crop water content. 58 ground samples
were utilized in modeling and verification. The water content inversion model based on Sentinel-2
optical images exhibited higher verification accuracy (R = 0.632, RMSE = 0.021 and nRMSE = 19.65%)
than the inversion model based on Sentinel-1 SAR (R = 0.433, RMSE = 0.026 and nRMSE = 21.24%).
This study provides a reference for estimating the water content of wheat crops using data from the
Sentinel series of satellites.
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1. Introduction

Wheat is an important global food crop and accurate yield information is essential to achieving
food security. The water content of wheat crops is an important growth indicator during different
growth stages. It not only affects wheat photosynthesis, but also the grain filling rate and, ultimately,
yield [1–3]. Therefore, monitoring wheat crop water content is important for achieving rapid and
accurate estimates of wheat yield during growth.

Traditionally, wheat crop water content has been determined by manually sampling plants to
obtain fresh weight and dry weight, and then calculating crop water content. However, this method is
time consuming, labor intensive, inefficient, and difficult or impossible to implement in large land
areas [4]. In recent years, the rapid development of remote sensing technology has produced a large
amount of researches that applied remote sensing data for monitoring the vegetation water content in
a large area, quickly and accurately [5–7]. These studies have focused primarily on two categories of
data sources: optical remote sensing and radar remote sensing.
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Traditional optical remote sensing methods are mainly based on vegetation indices and radiation
transmission models. Vegetation indices used to invert vegetation water content are based on water
sensitive bands. These bands are mainly located in the region of near-infrared (NIR) and short-wave
infrared (SWIR) [8]. A combination of NIR and SWIR is necessary to retrieve canopy water content
at leaf level [9]. Previous studies have developed many vegetation indices, such as crop water stress
index (CWSI) [10], normalized difference water index (NDWI) [11], ratio index [12], etc. These indices
are validated on the scale of satellite remote sensing, airborne remote sensing, and ground remote
sensing. To reveal the relationship between land surface temperature and canopy water content,
thermal and vegetation indices were integrated to invert the canopy water content, and the accuracy
was higher than that used only one of them [13]. The combination of thermal images and hyperspectral
data can more precisely invert the canopy water content [14]. For radiation transmission models,
the PROSPECT model and PROSAIL model can retrieve canopy water content more accurately [15].
The combination of hyperspectral data and PROCEST model has high inversion accuracy of canopy
water content [16]. However, when it was applied to large area of canopy water content inversion
based on satellite remote sensing data, the accuracy will be low.

Synthetic-aperture radar (SAR) signals are strongly-penetrating and are unaffected by bad
weather conditions, which makes SAR a useful tool for long-term agricultural monitoring in diverse
environments [17,18]. SAR signals can penetrate crop canopies, potentially overcoming the phenomenon
of optical data saturation, which can occur in high density vegetation. For moderately vegetated land
surfaces, such as agricultural fields, the accuracy of the soil moisture estimation decreases due to the
sensitivity of microwave signals to canopy water content [19,20]. These features, plus the sensitivity of
scattered SAR microwaves to soil and vegetation characteristics, have led many researchers to explore
SAR applications in agricultural monitoring. Many scholars carried out studies of soil water content
inversion in cropland with vegetation cover. Water cloud model (WCM), as a semi-empirical model, was
a classical vegetation contribution model [21]. It treated vegetation as a continuous and evenly distributed
aggregate, then the effects of vegetation have been addressed, and soil water content in vegetation-covered
areas has high inversion accuracy. Fusion of SAR and optical data, vegetation index, and WCM were
used to invert soil moisture in vegetation-covered areas, the inversion accuracy is higher than that of SAR
alone [22]. By the fusion of radiometer brightness temperatures and radar backscatter, it can reach a high
soil moisture inversion accuracy, but on a lower spatial resolution [23]. In order to invert soil moisture in
crop growing areas, soil moisture index (SMI) was created, and it can better monitor changes in soil water
content in the near-surface of agricultural areas [24].

Traditional microwave remote sensing methods for monitoring the water content of vegetation are
less. Empirical and semi-empirical models evolved earlier than physical models because they require fewer
parameters. The inversion accuracy of vegetation water content based on empirical model is high, but it is
limited to the study area [25]. Physical models can retrieve vegetation water content more accurately and
used minimum data of sample points. It can be used for any vegetation type and SAR data type [26].
Recently, the study of vegetation water content monitoring based on passive microwave sensors has also
been proposed. However, backscatter is greatest sensitivity to leaf moisture, but the trunk moisture is
significant at low values of leaf moisture content [27]. This shows that Vegetation Optical Depth (VOD) is
sensitive to changes in vegetation water content, as plants respond to water stress [28]. In agriculture and
based on active microwave sensors, researchers investigated the effect of diurnal variation in vegetation
water content of an agricultural canopy on backscatter for different radar configurations, the results showed
the very significant effects that vegetation water content dynamics have on radar backscatter [29]. Most of
the above studies were based on passive microwave sensors for vegetation water content monitoring in
a large scale. However, there were few studies on quantitative inversion of crop canopy water content
based on active microwave sensors in a plot scale. Moreover, the complementary remote sensing data
sources for monitoring crop water content have not been discussed.

Research on combining optics and SAR for remote sensing of vegetation has also been
conducted [30]. However, comparative analyses of optical and SAR-based vegetation water content
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models are lacking, especially those that use data from the Sentinel-1 satellite. Sentinel-1 is a
dual-polarized radar remote sensing satellite with the potential ability to rapidly and continuously
monitor crop water content [31]. A model for monitoring winter wheat crop water content that is
constructed from dual-polarized Sentinel-1 remote sensing data could enable early detection of water
shortages in winter wheat crops, and ultimately provide decision support in agricultural production.
Sentinel-2 is an optical satellite carrying a multi-spectral imager (MSI) with 13 bands as its main
payload, and it can effectively monitor crop growth [32,33].

In this study, Sentinel-1 and Sentinel-2 images were used to construct and compare models for
monitoring winter wheat crop water content. The combination and complementarity of the two data
sources provide a feasible method for monitoring winter wheat crop water content due to the short satellite
revisit period, rich data sets, and reliability in bad weather. The model based on Sentinel-1 and Sentinel-2
data enables accurate and rapid estimates of winter wheat crop water content over large land areas.
The structure of this paper is as follows. In Section 2 the study area, data sources, and the method used to
verify model accuracy were described. In Section 3 the results of model accuracy verification and affecting
factors for model estimates were analyzed. In Section 4 the findings were further discussed. In Section 5
the main findings of this study were summarized, which provide a reference for future research.

2. Materials and Methods

2.1. Study Area

The study area is located in Gaocheng District, Shijiazhuang City, Hebei Province
(37◦51′ N–38◦18′ N, 114◦38′ E–114◦58′ E), China, as shown in Figure 1. Gaocheng District is located
in southeastern Hebei Province, Taihang, Shandong Plain, and the climate is warm, temperate,
semi-humid continental monsoon. Because the study site is located on a plain, topography and
landforms have little impact on climate and the distribution of climatic factors is relatively loose.
The region is characterized by dry and windy springs, hot and rainy summers, cool autumns, and cold
and rainy winters. Wheat is the main food crop in Gaocheng District and is primarily grown in
small-scale plots. Winter wheat cultivation begins in early October each year and harvest occurs at the
end of May the following year [34].
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Figure 1. Study area location.

2.2. Ground Data

During the passage of the Sentinel-1 satellite, field work was carried out. 58 wheat fields were
selected as the sample plots for measuring vegetation water content from 24 May to 26 May, 2017.
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The rule of selecting sampling area in the study is that the wheat growing state is similar and the area
is larger than 30 m × 30 m. Sample points are located at the center of the sampling area. Soil moisture
content and wheat crop water content were collected two times respectively in each sample point and
averaged. A week before the beginning of sampling, the weather conditions in the study area were
good and there were no large-scale farming activities. The condition of soil and vegetation in the
study area was normal. Field data included global positioning system (GPS) coordinates of the sample
locations, fresh weight of wheat, fresh weight of wheat ear, dry weight of wheat, dry weight of wheat
ear, and soil water content. The GPS data was collected using a Trimble TM GeoXH GPS receiver.
Fresh weight of wheat was the weight of the aboveground biomass. Fresh weight of wheat ear was
the weight of the wheat ear. The collected samples were dried in an oven (30 min at 105 ◦C, then
85 ◦C until the sample reached a constant weight) and the dry weights of the samples were recorded.
Soil water content was measured using a TDR-300 (Time Domain Reflectometry) instrument at a soil
depth of 10–20 cm. The water content of the ear, stem and leaf, and crop (Including ear, stem, and leaf)
were calculated based on the weight difference before and after drying (Formula (1)).

cwc =
wf −wd

wf
(1)

where wc is crop water content, wf is the fresh weight, wd is the dry weight.

2.3. Sentinel-1/2 Imagery

The Sentinel-1A and -1B satellites are a European polar orbit C-band radar imaging system. The revisit
period for one-satellite constellation is twelve days and the two-satellite constellation revisit period is
six days. The optimal image resolution is 5 × 5 m and the maximum width is 400 km. The revisit
period for each Sentinel-2 satellite is ten days and the Sentinel-2A and -2B two-satellite revisit period
is five days. The main payload of the Sentinel-2 satellites is a MSI instrument with 13 bands and a
spectral range between 0.4 and 2.4 µm. The width is 290 km and the spatial resolutions are 10 m
(four bands), 20 m (six bands), and 60 m (three bands). The Sentinel-1 satellite images were acquired on
25 May 2017 and the Sentinel-2 satellite images were acquired on 28 May 2017 from the ESA website
(https://scihub.copernicus.eu/). The Sentinel-1 satellite images were ground range detected products of
the interference wide swath mode and included two polarization modes (VH, VV) (Table 1).

Table 1. Sentinel-1 and Sentinel-2 data used in this study.

Sentinel-1 Imagery

Date Acquisition
Time (UTC) Imaging Mode Frequency

(GHZ)
Spatial

Resolution (m)
IncidenceAngle

(◦)
Orbit

Direction

25 May 2017 10:20:58 VH, VV 5.045 5 × 20 42.45 Ascending

Sentinel-2 Imagery

Date Acquisition
Time (UTC)

Spatial
Resolution (m)

Orbit
Direction

Spectrum
range (um) Width (km) FOV (◦)

28 May 2017 03:16:29 10–60 Descending 0.4–2.4 290 20.6

The Sentinel-1 images were pre-processed, as follows: orbit calibration, thermal noise removal,
radiation calibration, speckle noise removal, and geocoding. Pre-processing was conducted using the
ESA’s SNAP software (http://step.esa.int/main/download/). From the Sentinel-2 satellites, we acquired
level-1C image products (top of atmosphere reflectance in fixed cartographic geometry combined
UTM projection and WGS84 ellipsoid). Level-1C images are a set of tiles each with an area of 100 km2.
Pre-processing of the Level-1C Sentinel-2 images included radiometric calibration and atmospheric
correction. The L2A data processing plug-in Sen2cor released by ESA to pre-process the images
(http://step.esa.int/main/third-party-plugins-2/sen2cor/) was used in this study.

https://scihub.copernicus.eu/
http://step.esa.int/main/download/
http://step.esa.int/main/third-party-plugins-2/sen2cor/
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2.4. Modeling Method

Compared with fully polarized SAR data, the dual-polarized Sentinel-1 data lacks necessary
polarization information when, and therefore cannot effectively obtain information about vegetation
canopy water content. However, previous studies have found that single-polarized or dual-polarized
SAR data can express soil water content information in areas covered by vegetation [35]. In this study,
the correlation between SAR polarization index with crop water content and soil water content was
analyzed. The result found that the SAR polarization index and soil water content information generally
had a better and significant relationship. Therefore, multiple SAR polarization indices were constructed
based on the Sentinel-1 data and the index with the highest correlation with soil water content was selected
as the input parameter in the water cloud model. The water cloud model was fitted to the sample points
of the modeling set to obtain a model for monitoring winter wheat plant water content.

During construction of the SAR polarization index, the mask file of the study area was firstly used
to extract the winter wheat planting area in Gaocheng District, and then the percentiles of VH and VV
in the statistical area were counted. According to previous studies, the σ0 value of the 5% quantile
represents the minimum humidity of the soil (σ0

dry) and the σ0 value of the 95% quantile represents
the maximum humidity of the soil (σ0

wet) [24]. The resulting enhanced soil moisture indices were
VHen and VVen, respectively (Formulas (2) and (3)). Then, the enhanced SAR polarization index was
constructed based on VHen and VVen.

VHen =
σ0

vh − σ
0
vh dry

σ0
vh wet − σ

0
vh dry

(2)

VVen =
σ0

vv − σ
0
vv dry

σ0
vv wet − σ

0
vv dry

(3)

where σ0
vh is the VH backscatter coefficient of the sample points, σ0

vv is the VV backscatter coefficient
of the sample points, σ0

vh dry is the VH backscatter coefficient of the minimum humidity of the soil,
σ0

vh wet is the VH backscatter coefficient of the maximum humidity of the soil, σ0
vv dry is the VV

backscatter coefficient of the minimum humidity of the soil, σ0
vv wet is the VV backscatter coefficient of

the maximum humidity of the soil.
For Sentinel-2, the correlations between different vegetation indices and water content of winter

wheat based on the Sentinel-2 data (Table 2) was calculated. Five vegetation indices with high
correlation coefficients were selected for gray relational analysis (GRA) [36]. Using the results of the
GRA, we determined the factors (Vegetation water content index) for modeling the water content of
winter wheat crop. A multiple linear regression model for constructing water content of winter wheat
crop by least squares method was used. Then, the model would be used for water content estimation
of winter wheat crop.

Table 2. Summary of selected optical vegetation indices used in this study based on Sentinel-2.

Vegetation Index Formula Reference

Enhanced difference water index (NDWI) NDWI = (rb3 − rb8)/(rb3 + rb8) [11]

Enhanced difference vegetation index (NDVI) NDVI = (rb8 − rb4)/(rb8 + rb4) [37]

Enhanced multi-band drough index (NMDI)
NMDI1 = (rb4 − (rb10 − rb11))/(rb4+(rb10 + rb11))

[38]NMDI2 = (rb4 − (rb10 − rb12))/(rb4+(rb10 + rb12))
NMDI3 = (rb4 − (rb11 − rb12))/(rb4+(rb11 + rb12))

Enhanced vegetation index (EVI) EVI = 2.5(rb8 − rb4)/(rb8 + 6rb4 − 7.5rb2 + 1) [39]

Simple ratio water index (SRWI) SRWI = rb8/rb4 [40]
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Table 2. Cont.

Vegetation Index Formula Reference

Shortwave infrared water stress index (SIWSI)

SIWSI1 = (rb8 − rb10)/(rb8 + rb11)

[41]

SIWSI2 = (rb8 − rb10)/(rb8 + rSb12)
SIWSI3 = (rNb8 − rSb11)/(rb8 + rb10)

SIWSI4 = (rb8 − rb11)/(rb8 + rb12)
SIWSI5 = (rb8 − rb12)/(rb8 + rb10)
SIWSI6 = (rb8 − rb12)/(rb8 + rb11)

Enhanced difference red edge vegetation index (NDVIRed edge)
NDVI1 = (rb8 − rb5)/(rb8 + rb5)
NDVI2 = (rb8 − rb6)/(rb8 + rb6)
NDVI3 = (rb8 − rb7)/(rb8 + rb7)

Enhanced difference infrared index (NDII)
NDII1 = (rb10 − rb4)/(rb10 + rb4)

[42]NDII2 = (rb11 − rb4)/(rb11 + rb4)
NDII3 = (rb12 − rb4)/(rb12 + rb4)

Mositure stress index (MSI)
MSI1 = rb10/rb8

[3]MSI2 = rb11/rb8
MSI3 = rb12/rb8

Shortwave infrared ratio (SWIR)
SWIR1 = rb10/rb11

[43]SWIR2 = rb10/rb12
SWIR3 = rb11/rb12

Enhanced difference water index (NDWISwir)
NDWI1 = (rb3 − rb10)/(rb3 + rb10)
NDWI2 = (rb3 − rb11)/(rb3 + rb11)
NDWI3 = (rb3 − rb12)/(rb3 + rb12)

The research schema (Figure 2) is as follows:
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2.5. Water Cloud Model for Winter Wheat Water Content Inversion.

The water cloud model was originally proposed by Attema and Ulaby in 1978 [21]. It assumes a
vegetation layer as homogeneous scatterers, removed the scattering information between vegetation
layers and ground surfaces, and then the entire vegetation coverage area was simplified. The model,
Total backscattering, including the body scattering term reflected by the vegetation and the ground
backscattering term through crop double attenuation, was expressed by the model (Formulas (4)–(9)):

σ0 = σ0
veg + τ2σ0

soil (4)

σ0
veg = AV1cos θ(1− exp (

−2BV2

cos θ
)) (5)

τ2 = exp (
−2BV2

cos θ
) (6)

V1 = LE1 (7)

V2 = LE2 (8)

σ0
soil = CMv + D (9)

where σ0 is total SAR backscatter, σ0
veg is backscatter from vegetation, σ0

soil is backscatter from soil, τ2

is the two-way attenuation effect of the vegetation layer, V1 and V2 are canopy descriptors, A, B, D, E1,
and E2 are the model parameters, L is leaf area index, and θ is the incidence angle. Ms is soil moisture and
was later replaced in the final wheat water content inversion model by the enhanced SAR polarization
index that was most sensitive to soil moisture. C is the sensitivity of the radar to soil moisture content.

In this study, V1 was set to 1 and L represents crop water content. Therefore, we have:

σ0 = A∗ cos θ
[
1− exp

(
−2BL
cos θ

)]
+ (C + Dms) ∗ exp

(
−2BL
cos θ

)
(10)

L = −
cos θ

2B
ln

σ0
−Acosθ

C + Dms −Acosθ
(11)

2.6. Statistical Analysis

For Sentinel-1, the correlation analysis is used to select the optimal radar polarization index as the
input parameter of the water cloud model. For Sentinel-2, the GRA and least squares method were used to
establish a multiple linear regression model for vegetation water content inversion. 58 sample points in
this study were selected. During construction of the winter wheat water content inversion model based on
Sentinel-1 data, two-thirds of the measured data (38 sample points) was randomly selected to fit the water
cloud model coefficients and one-third of the measured data (20 sample points) for model verification.
For the model based on Sentinel-2 data, two-thirds of the measured data (38 sample points) was randomly
selected to construct a multiple linear regression model for the wheat crop water content inversion and
one-third of the measured data (20 sample points) for model verification. The evaluation indicators were
Root Mean Squared Error (RMSE) and normalized Root Mean Square Error (nRMSE).

RMSE =

√∑T
t=1

(
xt − yt

)2

T
(12)

nRMSE =
RMSE

ymax − ymin
× 100% (13)

where yt is the measured crop water content, xt is the estimated crop water content, ymax is the
measured maximum crop water content, ymin is the measured minimum crop water content.
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3. Results

3.1. Choosing the Optical Vegetation Index and SAR Polarization Index

In this study, 28 optical vegetation indices were selected and 23 enhanced radar polarization
indices were proposed. Table 3 shows the results of the correlation analysis between the 28 optical
vegetation indices and the water content of winter wheat at the sample points. The correlation between
the optical vegetation indices and the measured water content of wheat ear and crop is basically similar.
The correlation analysis results showed that the optical vegetation indices gerenally had more higher
correlation with measured wheat crop water content than the measured wheat ear water content.
The correlation between the optical vegetation indices and the measured water content of wheat stem
and leaf is generally low.

Table 3. Correlation analysis results.

Vegetation
Index

Stem and
Leaf Water

Content

Ear Water
Content

Crop Water
Content

Enhanced Radar Polarization
Indices

Soil Water
Content

SRWI 0.250 0.446 ** 0.451 ** vven 0.115
MSI1 0.082 0.034 0.069 vhen 0.064
MSI2 −0.411 ** −0.45 ** −0.575 ** vhen + vven 0.103
MSI3 −0.133 0.041 −0.08 vhen − vven −0.012
NDII1 0.217 0.414 ** 0.402 ** vhen/vven 0.050
NDII2 −0.034 0.305 * 0.154 (vhen − vven)/(vhen + vven) 0.037
NDII3 −0.142 0.035 −0.09 vhen

2 + vven
2 0.013

NDVI 0.309 0.487 ** 0.516 ** (vhen
2
− vven

2)/(vhen
2 + vven

2) 0.016
NDVI1 0.288 0.419 ** 0.459 ** vhen

2
− vven

2 −0.077
NDVI2 0.362 0.460 ** 0.562 **

√
vhen/vven −0.355 *

NDVI3 0.159 −0.003 0.174
(√

vhen − vven
)
/
(√

vhen + vven
)

−0.059
NDWI −0.316 −0.513 ** −0.523 **

(√
vhen − vven

2
)
/
(√

vhen + vven
2
)

−0.076
NDWI1 −0.178 −0.399 ** −0.347 ** vhen/

√
vven −0.034

NDWI2 0.220 −0.048 0.159 (vhen −
√

vven)/(vhen +
√

vven) −0.279 *
NDWI3 0.223 0.142 0.268 *

√
vhen/(vhen + vven) 0.018

SWIRR1 0.278 0.38 * 0.384 **
√

vhen/vven
2 −0.094

SWIRR2 0.242 0.313 * 0.362 **
√

vhen + vven/vven −0.136
SWIRR3 0.161 0.297 0.299 *

√
|vhen − vven|/vven −0.193

EVI 0.141 −0.033 0.144
√

vhen/(vhen − vven) −0.062
NMDI1 −0.037 0.068 −0.013 (vhen

2
− vven

2)/vven −0.192
NMDI2 0.023 0.096 0.039 vhen

2/vven −0.181
NMDI3 0.343 ** 0.409 ** 0.480 ** vhen

2/
√

vven 0.072
SIWSI1 0.396 ** 0.451 ** 0.557 **

√
vhen2 + vven2/vven −0.293 *

SIWSI2 0.397 ** 0.451 ** 0.560 ** / /
SIWSI3 0.431 ** 0.480 ** 0.607 ** / /
SIWSI4 0.388 ** 0.441 ** 0.551 ** / /
SIWSI5 0.394 ** 0.473 ** 0.528 ** / /
SIWSI6 0.362 ** 0.429 ** 0.526 ** / /

Note: ** Model significant at the 0.01 probability level (p < 0.01); * Model significant at the 0.05 probability level (p < 0.05).

The vegetation indices with the highest degree of correlation with the water content of winter
wheat stem and leaf were SIWSI3 and MSI2 (Pearson correlation coefficients were 0.431 and −0.411,
respectively). The vegetation indices with the highest correlation with the water content of winter
wheat ears were NDWI, NDVI, and SIWSI3 (Pearson correlation coefficients were −0.513, 0.487 and
0.480, respectively). The vegetation indices with highest correlation with the water content of winter
wheat crop were SIWSI3, MSI2 and NDVI2 (Pearson correlation coefficients were 0.607, −0.575 and
0.562, respectively). Correlation analysis revealed that the optical vegetation indices based on Sentinel-2
data generally correlated well with the water content of winter wheat crop.
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The water content of winter wheat crop and the water content of winter wheat ear were closely
same under different vegetation indices. In contrast, the vegetation indices did not correlate well with
the water content of winter wheat stem and leaf. This is because optical remote sensing makes it easy
to obtain crop canopy spectral reflectance information, but has limitations on the acquisition of internal
information of crop (like stem). In the later stages of crop growth, vegetation biomass and canopy
coverage are both high. Optical remote sensing cannot easily detect the water content of stems and
leaves because of the poor permeability of the canopy. Nonetheless, optical remote sensing effectively
detects the water content of winter wheat ears and canopy. Study observed that the red edge band,
near-infrared band, and short-wave infrared band of the Sentinel-2 satellite were highly sensitive to the
water content of the winter wheat crop, suggesting that the Sentinel-2 data are suitable for establishing
vegetation indices for used to estimate crop water content.

The method (see Section 2.4) proposed in this study was used to construct 23 enhanced radar
polarization indices. In order to select the optimal radar polarization index, a correlation analysis
between the indices and ear water content, stem and leaf water content, crop water content, and soil
water content was carried out. The correlation between the enhanced radar polarization indices and
soil water content was also analyzed (Table 3).

Correlation between the enhanced radar polarization indices and soil water content was generally
low when vegetation coverage was high. Only the correlations between the polarization indices
(
√

vhen/vven,
√

vhen2 + vven2/vven and
(
vhen −

√
vven

)
/
(
vhen +

√
vven

)
) and soil water content

reached significant levels (Pearson correlation coefficients were−0.355, −0.293 and−0.279, respectively).
Most of the other radar polarization indices did not correlate well with soil water content. This is
because radar signals produce complex responses to soil moisture in areas covered by vegetation.
During the grain filling stage, vegetation coverage is high. This leads to complex scattering of the radar
signal between vegetation layers, and therefore complex and changeable surface information contained
in the scattered signal. The selected enhanced radar polarization index (

√
vhen/vven) significantly

negatively correlated with soil water content in vegetation-covered areas.

3.2. Inversion of Winter Wheat Water Content Using Sentinel-2 Data

Table 4 shows the gray relational analysis for the five vegetation indices that correlated best with
the water content of winter wheat. They are successively from first to last: NDWI, NDVI, SIWSI3, SMI2
and NDVI2. Used gray relational analysis, three of the indices (NDWI, NDVI and SIWSI3) were selected
to build the water content inversion model, which is expressed as Formula (14). Figure 3 presents the
regression model for winter wheat water content built from the five vegetation indices, which shows
that each model produced relatively similar precision.

Table 4. Gray relational analysis results.

Vegetation Index Correlation Sort Recommended Number of Vegetation Indices

NDWI 0.834 1

3
NDVI 0.811 2

SIWSI3 0.759 3
SMI2 0.713 4

NDVI2 0.709 5

Figure 4 shows the inversion results of winter wheat crop water content model which was
constructed by multiple linear regression based on Sentinel-2 data. The model randomly selected 38
sample points and produced an accuracy of R = 0.644, RMSE = 0.018, nRMSE = 14.89%. The verification
step using 20 verification sample points produced an accuracy of R = 0.632, RMSE = 0.021, nRMSE
= 19.65%. The Sentinel-2-based model results were better than the inversion results using a single
vegetation index.

wc = −0.576NDWI− 0.628NDVI + 0.849SIWSI3 + 0.539 (14)



Sensors 2019, 19, 4013 10 of 16

Sensors 2019, 19, x FOR PEER REVIEW 9 of 16 

 

The method (see Section 2.4) proposed in this study was used to construct 23 enhanced radar 
polarization indices. In order to select the optimal radar polarization index, a correlation analysis 
between the indices and ear water content, stem and leaf water content, crop water content, and soil 
water content was carried out. The correlation between the enhanced radar polarization indices and 
soil water content was also analyzed (Table 3). 

Correlation between the enhanced radar polarization indices and soil water content was 
generally low when vegetation coverage was high. Only the correlations between the polarization 

indices ( ඥvhୣ୬/vvୣ୬ , ටvhୣ୬ଶ + vvୣ୬ଶ/vvୣ୬  and (vhୣ୬ − ඥvvୣ୬)/(vhୣ୬ + ඥvvୣ୬) ) and soil water 

content reached significant levels (Pearson correlation coefficients were −0.355, −0.293 and −0.279, 
respectively). Most of the other radar polarization indices did not correlate well with soil water 
content. This is because radar signals produce complex responses to soil moisture in areas covered 
by vegetation. During the grain filling stage, vegetation coverage is high. This leads to complex 
scattering of the radar signal between vegetation layers, and therefore complex and changeable 
surface information contained in the scattered signal. The selected enhanced radar polarization 
index (ඥvhୣ୬/vvୣ୬) significantly negatively correlated with soil water content in vegetation-covered 
areas. 

3.2. Inversion of Winter Wheat Water Content Using Sentinel-2 Data 

Table 4 shows the gray relational analysis for the five vegetation indices that correlated best 
with the water content of winter wheat. They are successively from first to last: NDWI, NDVI, 
SIWSI3, SMI2 and NDVI2. Used gray relational analysis, three of the indices (NDWI, NDVI and 
SIWSI3) were selected to build the water content inversion model, which is expressed as Formula (14). 
Figure 3 presents the regression model for winter wheat water content built from the five vegetation 
indices, which shows that each model produced relatively similar precision. 

Figure 4 shows the inversion results of winter wheat crop water content model which was 
constructed by multiple linear regression based on Sentinel-2 data. The model randomly selected 38 
sample points and produced an accuracy of R = 0.644, RMSE = 0.018, nRMSE = 14.89%. The 
verification step using 20 verification sample points produced an accuracy of R = 0.632, RMSE = 0.021, 
nRMSE = 19.65%. The Sentinel-2-based model results were better than the inversion results using a 
single vegetation index. wc = −0.576NDWI − 0.628NDVI + 0.849SIWSI3 + 0.539 (14) 

Table 4. Gray relational analysis results. 

Vegetation  
Index 

Correlation Sort 
Recommended Number 

of Vegetation Indices 
NDWI 0.834 1 

3 
NDVI 0.811 2 

SIWSI3 0.759 3 
SMI2 0.713 4 

NDVI2 0.709 5 

Measured value
.60 .64 .68 .72 .76 .80

Es
tim

at
ed

 v
al

ue

.60

.64

.68

.72

.76

.80

y=0.33x+0.466
R=0.574
RMSE=0.02

MSI2

 
(a) 

.60 .64 .68 .72 .76 .80
.60

.64

.68

.72

.76

.80

Measured value

Es
tim

at
ed

 v
al

ue

y=0.267x+0.511
R=0.516
RMSE=0.021

NDVI

 
(b) 

Sensors 2019, 19, x FOR PEER REVIEW 10 of 16 

 

.60 .64 .68 .72 .76 .80
.60

.64

.68

.72

.76

.80

y=0.327x+0.47
R=0.591
RMSE=0.02

NDVI2

Measured value

Es
tim

at
ed

 v
al

ue

 
(c) 

.60 .64 .68 .72 .76 .80
.60

.64

.68

.72

.76

.80

y=0.274x+0.506
R=0.523
RMSE=0.021

NDWI

Measured value

Es
tim

at
ed

 v
al

ue

 
(d) 

.60 .64 .68 .72 .76 .80
.60

.64

.68

.72

.76

.80

y=0.368x+0.44
R=0.607
RMSE=0.02

Measured value

Es
tim

at
ed

 v
al

ue

SIWSI3

 
(e) 

Figure 3. Estimation of winter wheat water content using a regression model containing five 
different vegetation indices. MSI2-based regression model (a), NDVI-based regression model (b), 
NDVI2-based regression model (c), NDWI-based regression model (d) and SIWSI3-based regression 
model (e). 

.60 .64 .68 .72 .76 .80
.60

.64

.68

.72

.76

.80

Measured value

Es
tim

at
ed

 v
al

ue

R=0.644
RMSE=0.018
nRMSE=14.89%

(a)

 
.60 .64 .68 .72 .76 .80

.60

.64

.68

.72

.76

.80

Measured value

Es
tim

at
ed

 v
al

ue

(b)

R=0.632
RMSE=0.021
nRMSE=19.65%

 
(a)     (b) 

Figure 4. Estimation of winter wheat water content using a regression model containing three 
different vegetation indices and 38 sample points for modeling (a) and 20 sample points for 
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inversion model for winter wheat using data from the Sentinel-1 satellite. The Levenberg-Marquardt 
and global optimization algorithm was used to estimate the fitting coefficients of the water cloud 
model. The fitting coefficients and model accuracy are shown in Table 5. Model accuracy was R = 
0.471, RMSE = 0.022 and nRMSE = 19.98%. 20 sample points were used to verify model accuracy and 
the results (R = 0.433, RMSE = 0.026 and nRMSE = 21.24%) were similar to those for model accuracy. 
The distribution of sample points in the verification set is shown in Figure 5. 

Figure 3. Estimation of winter wheat water content using a regression model containing five different
vegetation indices. MSI2-based regression model (a), NDVI-based regression model (b), NDVI2-based
regression model (c), NDWI-based regression model (d) and SIWSI3-based regression model (e).
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3.3. Inversion of Winter Wheat Water Content Using Sentinel-1 Data

38 randomly selected sample points (the modeling set) were used to establish a water content
inversion model for winter wheat using data from the Sentinel-1 satellite. The Levenberg-Marquardt
and global optimization algorithm was used to estimate the fitting coefficients of the water cloud
model. The fitting coefficients and model accuracy are shown in Table 5. Model accuracy was R =

0.471, RMSE = 0.022 and nRMSE = 19.98%. 20 sample points were used to verify model accuracy and
the results (R = 0.433, RMSE = 0.026 and nRMSE = 21.24%) were similar to those for model accuracy.
The distribution of sample points in the verification set is shown in Figure 5.

Table 5. Model accuracy and the fitting coefficients of the water cloud model.

Model Coefficient Value Precision Index Value

A −5.7113 R 0.471
B 0.0417 RMSE 0.022
C 0.3545 nRMSE 19.98%
D 0.0005 F-statistics 2.648
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Figure 5. Verification results of the water content inversion model for wheat crops.

The verification step demonstrated that the model accurately estimated the water content of
wheat crop. Model-estimated crop water content for wheat crop sample points located in the middle
of the ground-measured crop water content interval. For both high and low values for crop water
content, the model-estimated values for crop water content tended to be lower and higher than
ground-measured values. This demonstrates that the inversion effect of the model for high or low
values for crop water content is not particularly good. The reason for this phenomenon may be that the
fitting accuracy of model coefficients is not good. Because the model set was randomly selected, some
errors exist in the correction of model coefficients in the sample points, leading to large deviations in
the verification results for extreme values in the verification set.

The radar polarization index, which is limited to the dual polarization of the Sentinel-1 image data,
generally does not correlate well with soil water content in vegetation-covered areas. Furthermore,
the overall inversion accuracy of the model is reduced. The model exhibits large error when inverting
high and low values for crop water content. However, model error was within an acceptable error
range. These results indicate that Sentinel-1 radar data have the potential to detect the water content of
wheat crop.
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3.4. Mapping the Water Content of Winter Wheat Crops Using Remote Sensing Data from Sentinel
Series Satellites

In this study, two models for monitoring winter wheat crop water content based on data from the
Sentinel-1 and Sentinel-2 satellites were proposed. The models based on the satellite data to estimate
the water content of wheat crops in Gaocheng district. Thematic maps of wheat crop water content
are presented in Figure 6. Sentinel-1 imagery was available for the entire study site, whereas some
Sentinel-2 imagery was missing for parts of the study area.
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Figure 6. Map of winter wheat crop water content in Gaocheng District on 25 May 2017 based on
Sentinel-1 SAR data (a) and on 28 May 2017 based on Sentinel-2 data (b).

Gaocheng District’s wheat planting regions are mainly concentrated in the south and north.
Winter wheat water content was highest in central Gaocheng District on 25 May 2017, followed by
the north. The southern region exhibited the lowest wheat water content and was also the largest by
land area.

The reason is that the wheat crops in central Gaocheng District receive plentiful irrigation due to
the superior infrastructure that accompanies the region’s high population concentration and degree
of urbanization. Remote monitoring estimates of wheat crop water content were largely consistent
with traditional field survey results. The water content estimates based on SAR and optical remote
sensing data were relatively consistent with each other, suggesting that Sentinel-1 imagery can be used
for wheat crop water content monitoring in large areas when Sentinel-2 imagery is unavailable or
impacted by weather conditions. The final remote sensing thematic maps have a good performance on
water content of wheat crop.

4. Discussion

Correlation analysis between three enhanced radar polarization indices that are most sensitive
to soil moisture and the water content of wheat ear, wheat stem and leaf, wheat crop, and soil in
this study was showed in Table 6. Enhanced radar polarization indices are less sensitive to crop
canopy water content than soil water content. Because removed the influence of vegetation water
content through the use of the water cloud model did not significantly affect the radar backscattering
coefficient, and it showed that the backscattering coefficient directly extracted by Sentinel-1 radar
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images in vegetation-covered areas, such as farmland, can directly retrieve soil moisture and that
vegetation had little effect on soil moisture inversion [44]. The enhanced Sentinel-1 radar polarization
indices correlated better with soil water content than did the original radar polarization indices.
This suggests that the enhanced radar polarization indices constructed from dual-polarized Sentinel-1
radar image in our study can retrieve accurate estimates of soil moisture, even in regions covered by
crops. Through compared two polarization parameters, VH and VV, of the Sentinel-1 radar images
and found that the inversion of vegetation water content based on VV was more accurate than that
based on VH. Previous study found that VV was more sensitive to soil moisture [19]. It shows that the
VV of dual-polarized radar data is more sensitive to vegetation water content and soil water content
than VH when using water cloud model.

Table 6. Correlation analysis of the enhanced radar polarization indices and the original radar
polarization indices.

Enhanced Radar Polarization
Index

Stem-Leaf
Water Content

Ear Water
Content

Crop Water
Content

Soil Water
Content

Original Radar Polarization
Index & Soil Water Content

√
vhen/vven 0.150 0.001 0.195 −0.355 * −0.033

(vhen −
√

vven)/(vhen +
√

vven) 0.151 0.011 0.167 −0.279 * 0.063√
vhen2 + vven2/vven 0.286 * 0.016 0.186 −0.293 * 0.015

Note: * Model significant at the 0.05 probability level (p < 0.05).

The result of wheat crop water content inversion based on Sentinel-1 showed that modeling
sample points and verification sample points all showed substantially consistent model accuracy in our
study. Compared with the previous study that simulated C-band polarization data, and then invert the
vegetation canopy water content based on semi-empirical model constructed by cross-polarization ratio,
incidence angle, and frequency [25], our study has relatively higher inversion accuracy. This shows
that the C-band enhanced radar polarization index combined with water cloud model has a well
accuracy in the inversion of vegetation water content. Previous study has also found that the L-band
RVI was highly correlated with wheat canopy water content [45]. The inversion result of wheat canopy
water content based on C-band radar is similar to that of the above study, which indicates that the
proposed method in our study can effectively estimate crop wheat canopy water content in farmland
areas. In addition, previous studies used the brightness temperature of passive microwave to invert
vegetation water content, compared with our study, the higher accuracy of vegetation water content
inversion can be obtained from these [46,47]. However, Sentinel-1, as an active microwave sensor,
has higher spatial resolution compared with passive radar. It indicates that Sentinel-1 can be used to
invert vegetation water content at field scale. In previous study, based on the Compact-polarimetric
(CP) SAR data simulated by Radarsat-2 full-polarization SAR data, the rice canopy water content was
inverted using CP backscattering coefficients and the water cloud model, which obtained a very high
inversion accuracy [48]. Compared with the inversion results of CP SAR, the inversion accuracy of
Sentinel-1 data for crop canopy water content in our study is lower. It is because that the polarization
index of Sentinel-1 data confined to dual-polarization is generally less correlated with soil moisture
content than full-polarization SAR data in agricultural areas [49,50].

In our study, determination of the expression of model parameters was based on the principle
of least fitting coefficients and did not attempt linear regression or nonlinear regression expression
between sensitive SAR polarization indices and soil water content. In future work, a reasonable
parameter expression form will be determined to obtain more accurate model inversion results.

5. Conclusions

In this paper, the results showed that the wheat crop water content can be effectively estimated
based on water cloud model and enhanced radar polarization index by using Sentinel-1 dual-polarized
radar data in the absence of optical data. However, the wheat crop water content inversion accuracy
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based on Sentinel-1 data is lower than that of based on Sentinel-2 data. This indicates that Sentinel-1
data can be used as a supplementary data source for the inversion of the wheat crop water content.

Here, two inversion models for winter wheat crop water content based on Sentinel-1 SAR and
Sentinel-2 optical images were establised. 58 ground sample points were used for modeling and
verification. For Sentinel-1 data, 23 enhanced radar polarization indices were firstly constructed and
then selected most sensitive index to the measured soil water content as an input parameter to the
water cloud model to retrieve the wheat crop water content. The verification accuracy of the inversion
model based on Sentinel-1 data was R = 0.433, RMSE = 0.026 and nRMSE = 21.24%. For Sentinel-2
data, the gray relational analysis was used for several optical vegetation indices, and three vegetation
indices were selected for regression modeling to retrieve the wheat crop water content. The verification
accuracy of the inversion model based on Sentinel-2 data was R = 0.632, RMSE = 0.021 and nRMSE
= 19.65%. The inversion accuracy of the Sentinel-2-based model was also higher than that of the
Sentinel-1-based model. Because SAR can penetrate the vegetation canopy, the Sentinel-1 SAR-based
method has the advantage of being able to estimate wheat crop water content during bad weather,
such as cloud cover, which negatively affects optical data quality. Based on study results, the use
of Sentinel-1 SAR data for the estimation of water content in wheat crops deserves further study.
In addition, SAR data and optical data may be combined to explore more effective inversion methods
for crop water content.
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