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Abstract

Soil moisture is a crucial in-field variable used in many applications. Soil moisture might be
measured in the field using soil sensors and can be estimated via satellite imagery. The present
study proposes an innovative SAR-based method that significantly improves the accuracy of soil
moisture estimation and does not require field-measured data. The method is based on the
previously developed SAR local incidence angle normalization method and utilizes a newly
developed equation, which takes a digital elevation model DEM into account. The volumetric water
content (VWC) measurements were recorded at depths of 20 and 46 cm on 10 alfalfa fields in the
US by 37 soil sensors. Recorded VWC data was correlated to the average field values of SAR
imagery processed by the proposed method. The developed models have the following statistical
performance: R? = 0.5616 with RMSE = 3.9758 for VWC at 20 cm and R? = 0.4247 with RMSE =
4.0133 for VWC at 46 cm. In both cases, the improvement of R? of models based on the proposed
method over models based on SAR imagery, which were not processed by the new method, was
significant.
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1. Introduction

Estimation of the in-field soil moisture is a crucial task, especially during the growing
season, because it is used for many applications such as defining the irrigation dose [1]. In-field soil
moisture measurements are possible to take directly using field sensors. This technology requires
manual labour and demands the installation of a large number of sensors because each sensor
provides only local measurements. To mitigate these drawbacks various satellite-based soil
moisture estimation methods were developed. These methods might be optical-based [2,3], based

on the Synthetic Aperture Radar (SAR) imagery [4,5], and combined including optical and SAR
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[6], as well as optical and GNSS-R [7]. The main advantage of the SAR imagery over optical is the
cloud penetration ability [8]. Previously, a large number of various SAR based soil moisture
algorithms and models was developed [9]. Despite the advantages of these methods, the majority of
previously developed approaches, including the commonly-used Oh and Dubois models are
applicable mostly to bare soils, require field data related to soil roughness and composition,

calibration and validation of coefficients used by the models [5,10-13].

The present article suggests a new method of in-season soil moisture estimation based on
Sentinel-1 SAR imagery. The proposed method is built upon the effective local incidence angle
normalization and adds a newly-developed equation, which uses a digital elevation model (DEM) to
perform additional radiometric normalization. The main advantage of the new method is that it does

not require any field-measured data and prior knowledge.

2. Material and Methods

2.1.Study site and field Measurements

The study sites are located in two areas in Arizona, US. Overall, 8 alfalfa fields are located
in the Northern area near the city of Maricopa, and 2 alfalfa fields are located in the Southern site

near Santa Rosa (Fig 1).

The field campaign took place between 30 August 2021 and 29 December 2021. During that
time volumetric water content (VWC) values, which is a quantitative representation of soil
moisture, were recorded on the depths of 20 and 46 cm in fields by soil moisture sensors (CropX,
Israel [14]) with the accuracy of approximately 1%. Overall, 37 sensors were installed in the fields
(3-4 sensors per field). The SAR imagery and VWC field measurements in all fields were obtained
both in bare soil (up to approximately middle of September 2021 at same fields) and vegetated field
conditions including the full development of the vegetation. Fig. 2. shows the NDVI [15] curves
derived for the fields using available optical Sentinel-2 imagery. NDVI despite its limitations is the

vegetation index used most commonly as proxy of vegetation development [16].
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Fig 1. Study sites: A) Maricopa alfalfa fields; B) Santa Rosa alfalfa fields. Basemap: Sentinel-
2 images acquired 10 November 2021.
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Fig. 2. Sentinel-2 NDVI curves corresponding to the vegetation development in 10 alfalfa

fields used in the study.
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The statistical data representing sizes of fields and standard deviations of elevation within

fields (derived from Copernicus 30 DEM) are presented in Table 1.

Table 1. Area (in Sentinel-1 GRD pixel size) and standard deviation of pixels’ elevation
of the 10 fields used in the study.

Area (Sentinel-1
Field 10*10m Pixels) St.Dev (m)

Maricopa 1 5356 0.43
Maricopa 2 5399 0.47
Maricopa 3 5639 0.44
Maricopa 4 5203 0.79
Maricopa 5 4697 0.89
Maricopa 6 5950 0.78
Maricopa 7 5209 1.07
Maricopa 8 3223 1.12
Santa Rosa 1 3197 1.02
Santa Rosa 2 4988 1.74
Min 3197 0.43
Max 5950 1.74
Average 4886 0.87

2.2 . SAR imagery and SAR image processing

Sentinel-1 is a constellation of two satellites equipped with C-band synthetic aperture
phased array [17] radar working VV and VH polarizations on a wavelength of approximately 5.55
cm which permits low attenuation in the atmosphere [18]. The resolution of the Level-1 Ground
Range Detected (GRD) Interferometric Wide (IW) mode used in this study is 20 x 22 m, with a
pixel size of 10 x 10 m, a swath width of 250 km, and a revisit time of six days for images with the
same geometry. Sentinel-1A and Sentinel-1B were launched on 3 April 2014 and on 25 April 2016,
respectively. Unfortunately, on 23 December 2021, Sentinel-1B suffered a failure and stopped
providing new imagery. Overall, 52 SAR images acquired from 30 August 2021 to 29 December
2021 were used in the present study. The local incidence angles range of the used SAR images is
33.8°-45.3°

All Sentinel-1 images were pre-processed in the Sentinel Application Platform (SNAP
version 8.0, European Space Agency). The sequential pre-processing of the Sentinel-1 imagery was
as follows: subsetting a region around the target area, applying the latest orbit file to correct for the
satellite path, thermal noise removal, calibration to ¢° in a natural scale, range-Doppler terrain
correction using the Copernicus 30 digital elevation model. Afterwards, the SAR imagery was
normalized to compensate for the negative effect of the difference of local incidence angles between
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SAR images in the time series [19,20]. The normalization was done using the previously developed

methodology [21].
O_Isorm = O-O * e (l),

Where o” is radar cross-section per unit area [22] in linear scale at VH or VVV polarization, 6
— local incidence angle. It is important to note that all available imagery were acquired at all

available incidence angles on both ascending and descending orbits.

After that, each normalized o° value was smoothed (i.e. radiometrically normalized) to
mitigate the SAR backscatter dependence of the local relief [18,20] by dividing the o,,,, by the
standard deviation of average elevation values (in meters) of the field. The elevation values of the
field were based on the Copernicus 30 DEM, which is the more accurate representation of the
Earth’s surface than the SRTM [23] and other commonly used DEMs [24]:

0 — -0
GNorm,smooth - GNorm/StDevelevation (2),

2.3. Model development and validation

While the direct estimation of soil moisture on the depth of 46 cm and even 20 cm is not
possible via C-band SAR in most cases [20,25], the present study exploits the existing relationship
between the top-soil moisture and the soil moisture on the deeper levels [2]. Owing to this
knowledge average in-polygon VWC values recorded at the depths of 20 cm and 46 cm by CropX
sensors in the fields at the time most close to the time of image acquisition were correlated to the
SAR backscatter values. In most cases, the time difference between sensors measurements and

image acquisition times was in the range of 2-3 minutes.

Correlation between o, smoocn @nd VWC values averaged for each field using data

recorded by the sensors installed in the fields, was found using polynomial models. The following
SAR image processing algorithm was used for deriving two separate models for estimation of VWC
at 20 cm and VWC at 46 cm:

0 0
UNorm,smooth,VH + UNorm,smooth,VV (3),

VWC 20 and VWC 46 estimation models based 0n 6 oym smootr  Were compared to models

based on ¢° values that were not normalized and smoothed:

oy + opy (4),
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In each model, 416 data points representing SAR backscatter and corresponding field

measured VWC values were used.

The commonly used [21,26] Steiger variation [27] of the two-tailed Fisher Z-score tests [28]

was performed to determine whether the difference in both types (based on 63,,-m smootn @nd based

on ¢°) of models’ R? is significant (o < 0.05).

Apart from estimating the correlation between processed SAR imagery and in-field VWC,

the correlation between measured VWC at 20 cm and VWC at 46 cm was found.

3. Results and Discussion

Table 1 shows in-field average VWC at 20 cm and VWC at 46 cm values that were recorded
at the time closest to the times of SAR imagery acquisition during the period used for deriving the
models.

Table 1. Statistics of VWC 20 and VWC 46 data used in the study.

VWC 20 (%) VWC 46 (%)

Min 4.6 7.4
Max 36.6 31.4
Average 20.0 22.0

The statistics of VWC at 20 cm and VWC at 46 cm estimation models based on ¢° and
ONormsmooth (Fig. 3.) alongside the difference in R? and RMSE between two types of models are
provided in Table 2. Following normalization and smoothing procedures R? and RMSE were
improved by 0.4767 and 30.79% for VWC at 20 cm and 0.3604 and 22.47% for VWC at 46 cm. In
both cases, the improvement of R? was statistically significant with p = 0.

Table 2. Statistics of SAR-based VWC 20 and VWC 46 estimation models.

VWC 20 cm VWC 46 cm

R? o0y + oy 0.0849 0.0645
RMSE 6% + a2y 5.7446 5.1767
R2 Ul?lorm,smooth,VH + UI%orm,smooth,VV 0.5616 0.4247
RMSE UISorm,smooth,VH + Ulgorm,smooth,VV 3.9758 4.0133
RZimprovement 0.4767 0.3602
RMSE improvement (%) 1.7688 (30.79%) 1.1634 (22.47%)
Models’ R? Z 12.504 10.258

Models’ R% p 0 0
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Measured VWC at 20 cm showed a correlation with VWC at 46 cm with R? = 0.6745 with

RMSE = 3.3848 (Fig. 4).
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Fig. 4. Correlation between field measured VWC at 20 and 46 cm.

It should be noted that models developed in the present study showed their performance

during both bare soil conditions and in the estimation of the VWC in fields covered by vegetation.

Importantly, the application of the suggested methodolodgy does not require ground-measured data

and any prior knowledge about a field. The present study was conducted on 10 alfalfa fields and

similar approaches might be applicable to soil moisture estimation in the fields covered with other

crops, but additional studies should be performed in order to confirm this assumption.
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4. Conclusions

The present study found a correlation between processed SAR imagery and soil moisture
measured at two depths (20 and 46 cm). Importantly, the correlation significantly improved after
local incidence angle normalization and innovative smoothing procedures were applied. Therefore,
the present study confirmed the effectiveness of the local incidence angle normalization method
[21] and showed the potential of the newly-developed smoothing method in soil moisture
estimation. The study also found a good correlation between soil moisture (VWC values) measured
at depths of 20 and 46 cm.
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